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. . Mycin: Is Meningitis a hospital acquired iliness?
» Lots of work on explanations back in the Doctor: why?
1 9808 a nd 1 9908 :\r/]léc;;};[nZ.O] this will aid in determining the orgamisms that might be causing the
. It has already established
) neo MYCI N etC to exp|a|n exper‘t [2.1] the infection that requires therapy is meningitis
’ [2.2] organisms were not seen on the stain of this pending csf culture
[2.3] the type of infection is bacterial
SySte mS [2.4] neurosurgery is not one of the relevant items of patient 100
. . [2.5] the age of patient 100 is greater than 25
e Ben Shneiderman versus Pattie Maes therefore if [2.6] the infection was acquired while the patient was in hospital then
. there is evidence that the organisms that might be causing the infection are E
debate |n the 1 9908 coli(0.75) staphylococcus-coag-pos(0.3) pseudomonas-aeruginosa(0.3)
klebsiella-pneumoniae(0.5)
. Doctor: How 2.3
¢ Tra nSpa re n Cy a n d trU St |m pO rta nt Mycin: The following rules concluded about the likelihood that the type of the
infection is bacterial:
» Also work on autonomous agents and B RULES00 (0.61)
- ' ' 2.9] RULES501 (0.95
decision-making in the early 2000s 5.0 RULE202 (0.97)
] . ] [3.1] RULE526 (0.98)
» But really ramped up since 2010s with rise A RO Eeos (008

In machine learning and black-box models
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ng ay Task
= = Why did you do that?
. Decision o = Why nol something else?
Training MEEhI.I'IE Learned Recommendalsn + Whendo you succeed?
Data Learning Function « When do you fail?
Process * Whencan | trust you?
« How do | comect an ermor?
User
XAl Task
x - | understand why
New « | understand why not
Training Machine | | Explainable | Explanation « | knowwhen you succeed
Data Learning Model Interface * | know when you fail
Process = | know when to trust you
¢ | know why you emed

Calibrated /
appropriate
trust
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 Industry-led by tech giants
* Microsoft's Guidelines for Human-Al Interactions
* Google’s Responsible Al practices and People+Al Handbook
» |IBM’s Everyday Ethics for Artificial Intelligence
 Fujitsu’s Al Ethics Impact Assessment Practice Guide

« EU Assessment List for Trustworthy Artificial Intelligence (ALTAI)

« EU Al Act (ratified earlier this year)
» High risk applications need to be assessed and transparent
* Generative Al will have to be transparent
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 How the Al model works « Currently somewhat overlooked:
- Why a specific prediction was * Why was the model developed
made by the Al ...or not in the first place

* What training data was used to
develop the model

« How was the model evaluated
o preparation Aletveasltjggi::d ® HOW gOOd iS it
S\ * What biases or blind spots

Why is Al needed? Collecting data se Dataset

ot . does it have
e e s e - What decisions about the Al

were made during its
development
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Explainable Al (XAl)
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Model understanding is absolutely critical in several domains, particularly those
involving high potential for harm, to support debugging, bias detection and
recourse
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[Molnar 2022]

» Global explanations:
* Exposing the model

* Local explanations:
« Exposing (combination of) features that contribute to a decision
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Local explanations
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« Explains important feature that led
to a decision

» Uses a post-hoc explanation on a
simplified model

* Another popular method which

outputs feature importances: [Ribeiro et al. KDD 2016]
SHAP

fix) =1.124

1271 = Aveocarp
3406 = Latude

3.993 = AveRooms -0.03

1.023 = AveBedrms -0.01

1294 = Population -0

39 = HouseAge ’ +0.03
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« Use examples (synthetic or natural) to explain individual predictions

* |[dentify instances in the training set that are responsible for the prediction of a
given test instance

* |[dentify examples (synthetic or natural) that strongly activate a function
(neuron) of interest
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NSNS Counterfactual Explanations

What features need to be changed and by how much to flip a model’s prediction?

'.“A" P .
A v Y

cC= Crestd Auklet ¢’= Red Faced Cormorant

[Mothilal et al 2020]
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Input Prediction

Junco Bird

What parts of the input are most relevant for the model’s prediction: ‘Junco Bird’?
T

S
ﬁfﬁf Saliency Map
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Model parameter randomization test
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Adebavo, Julius, et al. "Sanity checks for saliency maps." NeurlPS, 2018.

conv2d_1a_3x3


https://arxiv.org/abs/1810.03292
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Global explanations
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» Explains model overall i.e. the
importance of features globally and
how feature values contribute to a
decision

MedInc
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HouseAge
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AveBedrms

§
[ ]
|
M
[ ]
!I
it

[ L RTL | L
(i S MREE e
L L

BT R

10 -05 00 05 1.0 15
SHAP value (impact on model output)
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- Zebra
(0.97)

Al
00000

R
KA

Y
A

Y

How important is the notion of “stripes” for this prediction?

[Kim et. al., 2018]
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Human-Centric Explanations
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« Explainability = system-centric ability of an Al system to explain itself
* Measured through fidelity, consistency, etc — technical metrics

* Interpretability = human-centric ability of a user to build an appropriate
mental model that guides interaction with the Al system

« Understanding of how the system works
« Being able to use the system successfully
» Being able to "trouble-shoot’ system and fix ‘mistakes’

« Measured through subjective and objective understanding, satisfaction,
acceptability, trust/reliance

For mental model see:
- Norman 1983
- Johnson-Laird 1983
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Feedback/Control

Explanation

Future improved Improved mental model,
behaviour satisfaction

See:

- Stumpf et al. IJHCS 2009
- Kulesza et al. TiiS 2011

- Kulesza et al. CHI 2012

- Das et al. Al 2013

- Kulesza et al. IUI 2015
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» Explanation
e |terative Control

e Sound

« Complete h

 Don’t overwhelm '
* Control

» Actionable Explanation

* Incremental

* Reversible

* Honour feedback
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e 2 versions  Measurements
 Elucidebug with explanations « NASATLX
and ablllty to control with e Mental model score

feature feedback

 Control with no explanations
and only ability to label
iInstances to correct Al

« 20 newsgroups: Hockey and
baseball

« Amount of feedback
» Accuracy F1 score

« 77 participants
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Why Hockey?

Part 1: Important words

Meszages in the "Unknown’ folder

[T igpran Prefiied  Freda l i i
oo g Subject g = | [ty SO Why Hockey? This message has more important words about Hockey than
; ST s layottPrecctions Hodkry 9% e Eants DA . ort T: about Baseball
S Am Sehedule. Basebal  60% & This mussage words -
5306 Paul Kuryla and Canadian Hodkey 9% :mmﬂunm = Ius'l:f‘;'-w;;"llm abeut F h k ti Er\
5308 R My Predbciions For 1533 Basebal  64% 4 »{in there ome custom to throw in Datro® I
> A s | resmmoreng et et baseball Nockey | baseball hockey stanley tiger |
comapmadin | | s o 4 | Soresaors Biios e ey st ® stanley tiger . J
) | Rz Ocionpass in DetrosT 5 &N i Cu 0 3 G A ROE PRS00 LAWY D TToes: JOR LOus Baals R " 2 a
Prediction totals 135 Spary Ancerson Gees win #2000, Tgers bast s Basebal  35% ey o o ok D b thoughe The difference makes the computer think this message is 2.3 times more
Hockey 278 W SHT R Goala madks [ Bascbad JEEES Furneis | feer s was TG fans threw one on the teld |ikE|‘_,’ to be about Hﬂckﬁ'}' than Baseball,
Basebal 517 & S8 Re:Yeung Catchan Busebal 81 & ::::r; I-u-m%ﬁlxdw ard vepn
M (mulnlw 74 Fle: Wierung Strealc. [ Bazetan EGY ineredubout when | recogaited the oceput BEFDERE the care doseep 5
“Stanley” B Aol Bassbal  &4% 4
W50 Priles Mading Lis? Basebal  85% 4
Bash BN Aeds snap S-game loning siresk: RedReport 8-18  Basebal  90% I\ N D
W23 Re: iggheg Oadgerns. Basebal  5T% 4
B3 Ae Candiestick Park mpenence fong] Basebal 3%
S35 e o s v s Sers = Part 2: Folder size
B34 ResWehen did Dodgess mosve from Wy o LA7  [EEECEIN 53%
e r— ,The Baseball folder has more messages than the Hockey folder
841 R Hociory and the Hsparsc cormmuniny Hedory %
iR r——— Hockey:
Thess sre ol of the wevs the camputer wried #o ke it 2 Baseball:
A v word o pheaia. | The difference makes the computer thinks each Unknown message is 1.1
II II e times more likely to be about Baseball than Hockey.
1 P ]
dm ha( LAt Qe G Y| E |_ S

67% probability this message is about Hockey

Combining ‘Important words® and "Folder size’ makes
the computer think this message is 2.0 times more likely
to be about Hockey than about Baseball.

Importance

baseball bill canadian dave david

hockey player players
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* More accurate system with less effort
 0.85 for our system versus 0.77% without explanations at end of study

 Made adjustments to 47 messages while without explanations had to label
182 messages

* With better understanding
* 15.8 mental model score versus 10.4
* The more you understand, the better you can make the system

 Does not overwhelm
* No difference in NASA TLX workload measures
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* What should be explained?
» Global/local explanations, intelligibility types, etc.

« How should we explain?
« Natural language dialogue, textual explanations, visualisations, efc.

26
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* What information is transmitted in an explanation versus its form and presentation
 E.g. decision confidence

0.67341
67% Accept / 33% Reject

9

| think it’s a little bit more
likely that this application
should be accepted.
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* End users / lay users (e.g. loan applicants, patients)

« Decision makers / domain experts (e.g. doctors, judges, loan officers)

« Regulatory agencies (e.g. FDA, European commission)

« Researchers, developers and engineers
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Transparency for other kinds of Al
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« Explanations are delivered in visual form — no good for certain situations or
people

* Explanations are meant to be pondered — not sure how to integrate into real-time
settings for human-Al collaboration

« Currently we have a narrow view of explanations — what do we mean by
‘explanations’ and what should be explained
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» Chain-of-Thought Reasoning

* Explains the steps the LLM
goes through in creating the
response

 But is really what is going on?

o Attribution models

« Show the attention weights in
LLMs

* E.g. BertViz:
https://github.com/jessevig/bert
Viz

what is the difference between a tomato and a potato. Explain your
reasoning.

Short answer: they're both in the nightshade family (Solanaceae) but are completely different plant parts
and used differently — a tomato is a fleshy fruit (develops from the flower and contains seeds), while a
potato is an underground storage tuber (a swollen stem/root-like organ) used to store energy.

How | reason this (step-by-step)

1. Botanical origin / organ
= Tomato: develops from the flower's ovary and contains seeds = botanical fruit (specifically a
berry).
= Potato: is a tuber, an enlarged underground stem (a storage organ). It does not develop from a
flower into a seed-containing structure.
2. Taxonomy
= Both belong to the same plant family (Solanaceae), so they're related, but they are different
species: tomatoes are usually Sofanum lycopersicum and common potatoes are Solanum
tuberosum. Being in the same family explains some shared traits (leaf shape variety, flower
structure), but different species explain their different organs and uses.
3. Reproduction
= Tomato: reproduces sexually — flowers = fruits = seeds. You can grow new plants from its
seeds.
= Potato: commonly propagated asexually — plant pieces of tuber with "eyes” (buds) sprout new
stems. Potatoes also produce flowers and true seeds (true potato seed) but that's not the usual
method gardenersffarmers use. d
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 Need to know who the user is and
what they need to know

 What is the purpose of the
explanations?

« Usually a combination of global and
local explanations

Test with
experts

 Measure explanations in terms of the
purpose and other associated effects

Estimate Test with
exclusion =~ users

Evaluate


http://www.inclusivedesigntoolkit.com/GS_map/map.html
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« No explanations desired for certain tasks and contexts [Bunt et al. Ul 2012]

 Different people need different explanations [Gunning et al. Science Robotics 2019];
lay users neglected at the moment

« Explanations affect trust and reliance [Bussone et al. ICMI 2015, Holliday et al. Ul
2016, Nourani et al. HCOMP 2019]; “placebic” explanations [Eiband et al. CHI 2019]

« Explanations might come from outside of the ML [Ehsan et al. CHI 2021]
« Explanations, and then what? [Wang et al. 2022]

« Explanations for other purposes or modern technologies (e.g. fairness, LLMs)
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* Transparency is required and XAl has made some strides towards opening the
black box

 However, ‘transparency’ is a very vague term and ‘explanations’ can come in
different forms

* Need for a human-centred approach to transparency and explanations
» Consider what explanations are used/useful for
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