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Current XAl
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higher & lower
output value base value
0.00317 0.00.01 0.02296 0.06004 0.1479 0.3206 0.562 0.7771 0.9046

IF Country = United-States AND Capital Loss = Low
AND Race = White AND Relationship = Husband
AND Married AND 28 < Age < 37

AND Sex = Male AND High School grad

AND Occupation = Blue-Collar

THEN PREDICT Salary > $50K

petal length (cm) = 5.1 petal width (cm) = 2.4 ' sepal width (cm) = 2.8 ' sepal length (cm) = 5.8




Problems to Solve

« Mismatch between problem
solution and trained target
E.g., Clever-Hans problem

* Verity learned patterns with
domain knowledge




The Workflow

Extracted Model
Rules Specification

Problem
Formulation
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Generate Problem Formulation

Problem

Formulation e Intention to solve a task

 Faulty formulation

® leads to
faulty models



Applying Explainable Al

« XAl methods on top of

| data, model, output
Explainable Al

 Extract rules on these
levels and during training



Adjusting Extracted Rules

Extracted

Rules » Adjust extracted rule sets
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Resulting Model Specification

Model
Specification
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* Machine-readable
description in collaboration
of model and human

» Reduce bias of single
expert by mulitple analysts
refinements



Use Case Example

Problem

Formulation Explainable Al
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Is the anomaly
detection robust
enough for
deployment?
Does a model
match domain
knowledge?
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Predictive Maintenance:
Predict when an engine will fail
V Based on sensor data

Extracted
Rules

If 50<Time <55
and Att120.95
then Anomaly

If10 < Time <20 and Att1<
0.1then No Anomaly
If15<Time<25and Att2<
0.2 then No Anomaly
If5<Time<10and Att2<05
then Anomaly

If 35 < Time < 45 and Att2 <
0.6 then No Anomaly

If25 < Time<35and Att2<
0.2 then Anomaly

©,

Model
Specification

F1-Score: 0.95

IF 50 < Time < 55
AND Att1 > 0.95
THEN
anomaly

®



Research Opportunities

» Real-world applications of the workflow -
e Scalable and interactive visualizations %
for decision rule lists 7=
®

« Human-in-the-loop rule extraction methods Ew



Summary
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Problem Explainable Al Extracted Model

Formulation Rules Specification
T = = S
25 . A Y f % x>
y o

© @

Thank you for your attention
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