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Sources of Error in an ML Pipeline
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Error Measures

Accuracy and other traditional error measures focus on 
evaluating the model against the test data. 
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Error Measures

Accuracy and other traditional error measures focus on 
evaluating the model against the test data. 

Predicted 
False

Predicted 
True

Test Label 
False TN FP

Test Label 
True FN TP

Our standard confusion matrix:



Fairness



Fairness
https://www.eeoc.gov/laws/guidance/select-issues-assessing-adverse-impact-software-algorithms-and-artificial



Fairness Measures

Fairness measures focus on evaluating the model against 
the test data per demographic group. 

Predicted 
don’t hire

Predicted 
DO hire

Test Label 
wasn’t 
hired

TNall FPall

Test Label 
WAS 
hired

FNall TPall

Example with fairness-focused confusion matrices:

Predicted 
don’t hire

Predicted 
DO hire

Test Label 
wasn’t 
hired

TNnon FPnon

Test Label 
WAS 
hired

FNnon TPnon

Predicted 
don’t hire

Predicted 
DO hire

Test Label 
wasn’t 
hired

TNmen FPmen

Test Label 
WAS 
hired

FNmen TPmen

Confusion matrix for everyone Confusion matrix for men Confusion matrix for non-men



Fairness Measures

Predicted 
don’t hire

Predicted 
DO hire

Test Label 
wasn’t 
hired

TNnon FPnon

Test Label 
WAS hired

FNnon TPnon

Predicted 
don’t hire

Predicted 
DO hire

Test Label 
wasn’t 
hired

TNmen FPmen

Test Label 
WAS hired

FNmen TPmen

“disparate impact” measure 
ignores “mis”classification:

“error rate balance”, “equal odds”, or 
“equality of opportunity” measures are 
demographic-conditioned error 
measures:



Fairness Measures: discussion
Consider these confusion matrices for a 
resume screening model:
• Calculate at least two different fairness 

measures
• What do you notice?
• Does this model appear “fair” to you?Predicted 

don’t hire
Predicted 
DO hire

Test Label 
wasn’t 
hired

1598 430

Test Label 
WAS hired

340 190

Predicted 
don’t hire

Predicted 
DO hire

Test Label 
wasn’t 
hired

542 170

Test Label 
WAS hired

23 56

Non-men

Men



Sources of Error

In a real world problem, you’ve made assumptions throughout this 
pipeline – what if they’re wrong?
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Sources of Error

Assumption 0: the problem is appropriate to solve with ML
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Sources of Error

Assumption 1: the real world won’t change or impact the 
ML pipeline
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Sources of Error

Assumption 2: the chosen ML algorithm is appropriate to the 
real world context – does your model match the underlying 
phenomena and real-world societal understandings?
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Sources of Error

Assumption 3: the developed pipeline and/or model can be 
applied in a new context
• Assumptions about the training data and/or example distributions may not hold!
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Sources of Error

Assumption 4: the resulting prediction will be applied 
correctly and in the appropriate context – what real-world 
considerations might you have forgotten?
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What can we do about it?
• Key idea: interrogate your assumptions, make them 

explicit
• One concrete version of this: model cards



Model Cards



Model Cards

https://developers.perspectiveapi.com/s/about-the-api-model-cards



Datasheets



System Cards



Model Cards: discussion
Consider these same confusion matrices for 
a resume screening model:
• What do you wish you knew about the 

data used to train the model?
• If this model were going to be deployed, 

what information would you want to 
make sure any hiring manager had to 
help them make a final decision?
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Test Label 
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