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ABSTRACT

In this paper, we argue for a paradigm shift from the current model of explainable artificial intelligence
(XAI), which may be counter-productive to better human decision making. In early decision support
systems, we assumed that we could give people recommendations and that they would consider
them, and then follow them when required. However, research found that people often ignore
recommendations because they do not trust them; or perhaps even worse, people follow them blindly,
even when the recommendations are wrong. Explainable artificial intelligence mitigates this by
helping people to understand how and why models give certain recommendations. However, recent
research shows that people do not always engage with explainability tools enough to help improve
decision making. The assumption that people will engage with recommendations and explanations
has proven to be unfounded. We argue this is because we have failed to account for two things.
First, recommendations (and their explanations) take control from human decision makers, limiting
their agency. Second, giving recommendations and explanations does not align with the cognitive

T. MILLER, EXPLAINABLE Al 1S DEAD, LONG LIVE processes employed by people making decisions. This position paper proposes a new conceptual
EXPLAINABLE Al' HYPOTHESIB/EN DECISION framework called Evaluative Al for explainable decision support. This 1s a machine-in-the-loop

paradigm in which decision support tools provide evidence for and against decisions made by people,

SUPPO RT, IRROCEEDINGS OF THE 2023 ACM rather than pmvidg recmnmem;lgtions to accept or reject. We argue that this mil:igate::; issugs‘ of
CONFERENCE ON FAIRN ESS, ACCOUNTARBI LlTY, AND over- and under-reliance on decision support tools, and better leverages human expertise in decision

making.
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INFUSING THE THE BEST

SOCIAL SCIENCES EXPLANATION?
Symptom Cause Prob
Weight gain  Stopped exercising  80% 1) Stopped exercising
| | Mononucleosis
Nausea Stomach virus 50% 2) Pregnancy
Weight gain,  Preghancy 15%

fatigue, nausea

S. J. READ, A. MARGUSNHALL, EXPLANATORY COHERENCE IN SOCIAL EXPLANATIONS: A PARALLE
DISTRIBUTED PROCESSING ACCOUNT, JOURNAL OF PERSONALITY AND SOCIAL PSYCHOLOGY 65
(1993)
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ABSTRACT

There has been a recent resurgence in the area of explainable artificial intelligence as
researchers and practitioners seek to provide more transparency to their algorithms. Much
of this research is focused on explicitly explaining decisions or actions © a human
observer, and it should not be controversial to say that looking at how humans explain
to each other can serve as a useful starting point for explanation in artificial intelligence.
However, it is fair to say that most work in explainable artificial intelligence uses only
the researchers’ intuition of what constitutes a ‘good’ explanation. There exist vast and
valuable bodies of research in philosophy, psychology, and cognitive science of how people
define, generate, select, evaluate, and present explanations, which argues that people
employ certain cognitive biases and social expectations 0 the explanation process. This
paper argues that the field of explainable artificial intelligence can build on this existing
research, and reviews relevant papers from philosophy, cognitive psychology/science, and
social psychology, which study these topics. It draws out some important findings, and
discusses ways that these can be infused with work on explainable artificial intelligence.
© 2018 Elsevier B.V. All rights reserved.
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EXPLANATIONS ARE
CONTRASTIVE
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DENIS HILTON: CONVERSATIONAL PROCESSES AND CAUSAL EXPLANATION,
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CONTRASTIVE EXPLANATION
THE DIFFERENCE CONDITION

Compound
Type Legs Stinger Eyes Eyes Wings
Spider 8 8 0
Beetle 6 2 v 2
Bee 6 4 5 4 4
Fly 6 5 4 2

CONTRASTIVE EXPLANATION: A STRUCIMBBEL APPROACH.
T. MILLER, KNOWLEDGE ENGINEERING REVIEW, 36 E14: 2021
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CONTRASTIVE EXPLANATION
THE DIFFERENCE CONDITION

Compound
Type Legs Stinger Eyes Eyes Wings

Beetle 2

Fly 5

CONTRASTIVE EXPLANATION: A STRUCIMBBEL APPROACH.
T. MILLER, KNOWLEDGE ENGINEERING REVIEW, 36 E14: 2021




EXPLANATIONS ARE
SOCIAL

Hausal explanation is first and
foremost a form of social
Interaction. The verb to explain Is
a threeplace predicate:
Someonexplainsomethindo
someoneCausal explanation
takes the form of conversation
and Is thus subject to the rules of

, GFN=JK9LAGF)] 72 B
[Emphasis originall .
DENIS HILTON: CONVERSATIONAL

PROCESSES AND CAUSAL

EXPLANATION, PSYCHOLOGICAL
BULLETIN. 107(11):681, (1990)




SOCIAL EXPLANATION

e e

Q: Begin_Question E: Begin_Explanation
\ w p ¥ Q: Begin_Argument
: E: explain/ Explanation - Argument
——[ Question Stated J AT explain' Presented T Presented
- v
Q: affirm E: affirm_argument
Q: return_guestion
| | E: further_explain E: further_explain l
E: return_question Y

{Explainee Affirmed}— [Argument Affirmed}_

E: counter_argument

E: affirm

Y Y
[ Explainer Affirmed ( Counter Argument}

) |
J L Presented

End Argument

End- Explanation

L2
A GROUNDED INTERACTION PROTOCOL FOR EXPLAINABLE ARTIFICIAL INTELLIGENCE. MADUMAL, P.; MILLER, T.; SONENBERG
VETERE, F. IN PROCEEDINGS OF AAMAS 2019, 2019.




EXPLANATIONS ARE

Thedaywasexceptionally
clearand Mr. Jonestold hisfriendsat the officethat hewould drivealong
the shoreto enjoythe view.A
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BLUSTER VS. PRUDENCE
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(DIS)TRUST AND (UNDRELIANCE

i &

TRUSTWORTHY TRUSTED

NOT

TRUSTWORTHY PISTRES.



(DIS)TRUST AND (UNDRELIANCE

TRUSTED DISTRUSTED

UNWARRANTED
rRUSTWORTHY  WARRANTED - Pl erpli
UNDERRELIANCE
NOT UNWARRANTED WARRANTED
TRUST/ DISTRUST/
TRUSTWORTHY OVERRELIANCE RELIANCE

( ' -4"']] KkJ1 + 0 1-4" ol K/l +'" **#0/71T 281 b %-*" #H#O0%JI 7B $-
HUMAN TRUST IN AIHROCEEDINGS OF THE 2021 ACM CONFERENCE ON FAIRNESS, ACCOUNTABILITY, A(RBCERANE



(DIS)TRUST AND (UNDRELIANCE

TRUSTED DISTRUSTED

UNWARRANTED
TRUSTWORTHY TRVl\jg%FIE\’AI\EITI_-IrAI\EI\IIDCE DISXQUST/
UNDERREIANCE
NOT UNXANTED WARRANTED
TEXST/ DISTRUST/
TRUSTWORTHY oV ENANCE RELIANCE

( ' -4"']] KkJ1 + 0 1-4" ol K/l +'" **#0J71 2871 b %-*" H#O0%J 7B I
HUMAN TRUST IN AIHROCEEDINGS OF THE 2021 ACM CONFERENCE ON FAIRNESS, ACCOUNTABILITY, ANBCERAL
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SELF EXPLANATION

SELFEXPLANATION

UNDERSTAND
MODEL/OUTPUTS

EXPLAINABILITY ﬁ

VERIFY



ABDUCTIVE REASONING AND VERIFICATION

PROCESS REQUIREMENTS

1. Observe event

2. Generate hypotheses
3. Judge plausibility

4. Resolve explanation

5. Extend explanation

PSYCHOLOGY AND Al AT THE CROSSROMNDRIIGHT COMPLEX SYSTEMS EXPLAIN THEMSELVES? R. HOFFMA
AMERICAN JOURNAL OF PSYCHOLOGY, 135(4)378, 26822.



ABDUCTIVE REASONING AND VERIFICATION

PROCESS REQUIREMENTS

1. Observe event Design interfaces to determine what has happe
Design interfaces to highlight unusual events

2. Generate hypotheses Help to construct (likely) hypotheses
3. Judge plausibility
4. Resolve explanation

5. Extend explanation

PSYCHOLOGY AND Al AT THE CROSSROMDRIGHT COMPLEX SYSTEMS EXPLAIN THEMSELVES? R. HOFFMAN,C
AMERICAN JOURNAL OF PSYCHOLOGY, 135(4)378, 26822.



ABDUCTIVE REASONING AND VERIFICATION

PROCESS REQUIREMENTS

1. Observe event Design interfaces to determine what has happe
Design interfaces to highlight unusual events

2. Generate hypotheses Help to construct (likely) hypotheses

3. Judge plausibility Help to explore how causes affect outputs
Find evidence to support and refute hypotheses

4. Resolve explanation  Identify and record important information

5. Extend explanation

PSYCHOLOGY AND Al AT THE CROSSROMDRIGHT COMPLEX SYSTEMS EXPLAIN THEMSELVES? R. HOFFMAN, QLA
AMERICAN JOURNAL OF PSYCHOLOGY, 135(4)378, 26822.



ABDUCTIVE REASONING AND VERIFICATION

PROCESS REQUIREMENTS

1. Observe event Design interfaces to determine what has happene
Design interfaces to highlight unusual events

2. Generate hypotheses Help to construct (likely) hypotheses

3. Judge plausibility Help to explore how causes affect outputs
Find evidence to support and refute hypotheses

4. Resolve explanation  Identify and record important information

5. Extend explanation Support hypothesis revision
Support interactive exploration




ABDUCTIVE REASONING AND VERIFICATION

PROCESS REQUIREMENTS

3. Judge plausibility Help to explore how causes affect outputs
Find evidence to support and refute hypotheses
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EVALUATIVE Al

EVIDENCE TO
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L esion Notes L esion location

Patient reports itchiness and bleeding.
Lesion has changed colour. O Head O Upperarm
e Face O Hand/Lower Arm
® Back O Upper Leg
® Front Torso O Foot/Lower Leg
Your hypothesis Evidence for Evidence against
M Lesion location Asymmetric shape _
D
Mel ic N
o colo Changed colour I
Scarred ltchiness -
Actinic Keratosis
R Bleeding

Benign Keratosis

Dermatofibroma

Vascular Lesion



L esion Notes L esion location

Patient reports itchiness and bleeding.
Lesion has changed colour. O Head O Upperarm
O Face O Hand/Lower Arm
® Back O Upper Leg
O Front Torso ®) Foot/Lower Leg
Your hypothesis Evidence for Evidence against

Melanoma

Asymmetric shape Scarred

Melanocytic Nevus

Changed colour Legion location

Basal CellCaricinoma _
Itchiness

Actinic Keratosis

Bleeding

Benign Keratosis

Colour

Dermatofibroma

Vascular Lesion
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KEY TAKEAWAYS

EXPLAINABLE Al &- S#4#0 HH
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Improved decision making (much)
Support thehuman decisioamaking loop

Some false assumptions

Build onexpertiseandexpert intuition

People look to machineecommendations

Focus on the user and their tasks/roles

People look tanachine explanations

Explainable Al is dead! ...

Intuition needs to be overridden H * GE ? DAN = - PHDO9AFE
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