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Al supports human decision making.
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Al supports human decision making.
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E.g., feature importance explanations
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Al gets updated over time.




Al gets updated over time.
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Al updates can result in changes in its
explanations.
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How do end-users of the Al-driven decision
aid react to changes in Al explanations, as the
Al model gets updated?




Specifically:



Specifically:

1. Can end-users perceive the changes ?

12. Will the changes affect end-users’ trust |
land satisfaction with the Al? |



Specifically:

1. Can end-users perceive the changes ?

2. Will the changes affect end-users’ trust
and satisfaction with the Al?

13. What are the underlying mechanisms of |
Ithese effects? |



Task (1/30)

Please review the profile below and predict whether this applicant will default on the loan. If you don’t remember the
meaning of a feature, click on the red circle on that feature to view its meaning.

Kdake Your Prediction:

Profile of this loan application:

Basic Information about the Loan Do you think this applicant will default on the loan?
< $5,000 Yes, | think this applicant will default on the loan.
R . L No | think this applicant will not default on the loan.
2. Issued Month: Sep |

Basic Information about the Applicant gachine Learning Prediction:
3. Annual Income: $80,000 - Our machine learning model predicts that this applicant will not default on
$100,000 the loan.

The two features that contributes the most to the model’s prediction is

4. State of Address: T
aeo i o Credit Score (Good) and Loan Amount (< $5,000).

5. Credit Score: Good
= r . . e
6. Month of Earliest Make your final prediction:

Credit Account: Sep

Now, do you think this applicant will default on the loan?
O Yes, | think this applicant will default on the loan.
\® No, | think this applicant will not default on the loan.

Next




Experimental Procedure

o®
» Phase 1: Before Al Update .. ! ! Phase 2: After Al Update
°lF° Experimental Treatments:
® High Similarity Update
® Medium Similarity Update
® [ow Similarity Update
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Experimental Treatments

Explanation Before Al Update:

X1=a
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Experimental Treatments

Explanation Before Al Update: Explanation After Al Update:
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Experimental Treatments

Explanation Before Al Update:

Explanation After Al Update:

high-similarity W

X1=a
medium-similarity »

low-similarity »




Experimental Design

Experiment 2.2: Phase 1 relevant

We obtained users’

general common

knowledge through
a separate pilot study.

3. Annual Income:

Basic Information about the Loan

1. Loan Amount: < $5,000 ’
2. Issued Month:

Basic Information about the Applicant

$80,000 -
$100,000

4. State of Address:

5. Credit Score:

Credit Account:

6. Month of Earliest

Texas

Sep

low-similarity update

Basic Information about the Loan

1. Loan Amount: < $5,000
2. Issued Month: Mar

3. Annual Income: ::8888
4. State of Address: California
5. Credit Score: Good

6. Month of Earliest A
|*Credit Account: us




Measures &
Results




- E I I By s B o B B S E I O aa S S S .. ——_‘

I1, Can end-users perceive the changes ? |

L_—_____—___—__—-_____

Perceived Explanation Change: self-report after Phase 2

@ o Yes




F___—____— ———————— ———1

12. Will the changes affect end-users’ trust |
Iand satisfaction with the Al? |

Objective Trust Gain: % human final prediction = Al prediction » Phase 2 - Phase 1

Subjective Trust Gain: self-report » Phase 2 - Phase 1

Subjective Satisfaction Gain : self-report > Phase 2 - Phase 1




F_—_—__—_—_ ——————— ———ﬂ

12. Will the changes affect end-users’ trust |
land satisfaction with the Al? |

Objective Trust Gain e No

Subjective Trust Gain

<@) ® Yes, when users have some prior knowledge
Subjective Satisfaction Gain o increase [ decrease when the new Al

explanation is consistent /
inconsistent with the human rationale.
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13. What are the underlying mechanisms of |
Ithese effects? |

objective trust
gain

perceived change in

model explanation's
consistency with

domain knowledge

+ percelvgd subjective trust
treatment explanation ain
change 9

perceived accuracy
change

subjective
satisfaction gain
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13. What are the underlying mechanisms of |
Ithese effects? |

objective trust

gain
self-report > Phase 2 - Phase 1
perceived change in
model explanation's
=k / — consistency with
domain knowledge
perceived .
treatment —— >»{ explanation subjec'g\i/: trust
change g
perceived accuracy
change
subjective

satisfaction gain
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13. What are the underlying mechanisms of |
Ithese effects? |

objective trust

gain
perceived change in
model explanation's
consistency with
domain knowledge
perceived .
treatment —— »{ explanation + subjec'g\i/: trust
change 9
+ perceived accuracy
change
self-report > Phase 2 - Phase 1
subjective

satisfaction gain
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13. What are the underlying mechanisms of |
Ithese effects? |

objective trust

gain
perceived change in
model explanation's
consistency with
domain knowledge
perceived .
treatment —— >»{ explanation subjec'g\i/r? trust
change g
perceived accuracy
change
subjective

satisfaction gain
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13. What are the underlying mechanisms of |
Ithese effects? |

objective trust

gain
perceived change in 4 (-0-023)
model explanation's
consistency with
MS: 0.282** domain knOWIGdge 0.468***
LS: 0.335*+ perceived iacti
treatment 4 exp|anation 0.490*** SUb]eCtl\./e trust
change gain
0.257**

perceived accuracy
change

0.558***

subjective
satisfaction gain




Take Away

As the Al model gets updated,

~l e End-userscan perceive changesin Al explanations
aq=—p . . ; . .
=|" e Changesin Al explanation may change users’ subjective perception
in the Al model
=

=|" e Designimplications for XAl methods in a fast-evolving Al lifecycle

o Integrating human expertise into the Al explanation updating processes
o Highlighting the changes in the Al explanation



Thank You!



