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We propose an approach for non-ML experts to check whether they
can trust the predictions of a black box ML model on unseen data
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Approach

We (a) learn to predict the performance of a pretrained black box ML model on unseen # Introduce missing values

class MissingValues(ErrorGen):

target data, given the type of the error (e.g., missing values, numeric outliers), and
(b) raise alerts if the predicted-vs-real performance mismatch is detected

def corrupt(data, prob)
for row in data:
if random() < prob:

row[self.column] = NA
1. Domain expert / end user declaratively specifies the expected types of errors # Scale values
. class Scaling(ErrorGen):
2. We generate synthetically corrupted test data def corrupt(data, prob):
f in data:
3. We apply the black box ML model on the corrupted data szri:nim(j . srob:
4. We record  (a) the performance of the model (e.g., accuracy), and rowtse 7. coumn] »F ce T Tactor
(b) the shape* of the model’s output * descriptive statistics over the model’s
5. We train a regression model to predict the performance of the back box ML model outputs (e.g., percentiles)

Experimental Results
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