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Conspectus:The tasks based on physics, chemistry and biology are modelled with empirical, theoretical
or computational approaches. The 120 (Input-to-Output) transformation through the best of best models
remained to be black-box approaches except in the case simple regression or trees. In the last decade,
there was an upsurge to understand as deeply as possible the model employed, I/O transformation,
parameter space, transformations, logic in arriving at intermediate information/ knowledge/hypothesis/
Further, it is used to point out explicit explanation not
only to users but also to all stake holders. This protocol is indispensable and essential in health sector,

conclusions/ acceptance or rejection of advices.
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Défense, legal affairs, environmental policies, manufacure and so on.

xAl:In 2015, DARPA (USA) coined the term xAl(explainable Artificial Intelligence) and within a span of
few years, it turned out into an indispensable trans-discipline in science/engineering/technology. Under
the umbrella-xAl, noteworthy mathematical probes emerged enabling explanation frame for complex
machine learning work-flows, deep neural nets, (vector/matrix) capsule nets etc. It altogether changed the
mode of reporting of modelling output. The DNA approach for probes, software-tools, display methods
follow.

Tasks in Mathematical Language: Broad types of tasks with xAl are detection, classification,
Segmentation, clustering, regression, and structure-property/ structure-function/ structure-response
relationships.

Disciplines employing xAl:The applied and trans-areas employing xAl are medicine, Molecular/material
science, environment, Nuclear physics, molecular genetics etc.

Data types:The different data modes used as input are tabular (numerical, categorical, binary, logical),
text (words, sentences, scripts), images (2D-,3D-, RGB), point clouds, audio, graphs, videos etc.

Models: Models are broadly classified as black-box, grey-box and white-box types. They are also
otherwise called as transparent and opaque.

xAl-probes: The two important categories of xAl-probes are local and global. Another division is ante-
hoc and post-hoc.

Libraries: Available are AIX-360.Captum, InterpretML, Skater Ecco and XATIK

Frameworks: Are developed in Python for post-hoc XAl of DeepNNs. Typical ones are Zennit, Captum,
and Nvestigate

Explanation modes:If-Then-Else, scripts, Graphical (Figures, images, videos) and multi-media (Text and
graphs, video/audio)

Explanation objects: Areall layersof neurons, layers of capsules, features, processes, decisions
Explanation methods: The explanation is sometimes by simplification. But, mostly based on perturbation
of input/output/parameters of model, gradient and the concept.

Feature Relevance explanation in NNs is monitored and assessed by integrated gradients, guided BP,
Layerwise Relevance propagation, Graph LRP, Deep Taylor decomposition, DeepLift (Learning
Important FeaTures), Concept activation, activation maximization and Prediction difference Analysis
(PDA).

Some other typical XAl probes are Local interpretable model-agnostic explanations (LIME), Sub modular
pick (SP)-LIME, anchor-LIME, LORE, SHAP, Shapley additive explanations, Saliency Maps, Class
model visualization, LOKE, Anchors, class activation map (CAM) ,Grad-CAM, Grad-CAM++,
SMOOTHGRAD, U-CAM, Eigen-CAM, DeepRed, GAM, Decision Trees, LENs and BRL.The output
(Fit: Figure Image Table Script .... Bases) of typical case studies using xAl-probes during 2022Jan to
2023June are described.

KeyWOFdS:xAI, Post-hoc, ante-hoc explanations; xAl-Probes; Local interpretable model-agnostic
explanations (LIME), SHAP, Layerwise Relevance propagation, Partial dependence plots,Class
Activation map (CAM), Grad-CAM; Integrated gradients;Concept activation map, Heatmaps; Saliency
maps;;tSNE plot; Feature Relevance explanation, Rule extraction, eXplainable/ interpretableNumerical
values,Figures; Images, Tables, Scripts.
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Probes of XAl methods

XAl | | 2023-145
Classification of XAl design methods

L XAl Design J
T
| 5 1

‘ Explanation Design User Interface Design
1 _ _ 1 _
1 1 1 1 1 | 1
Feature White-Box Example- Visual Feature White-Box Example-
Importance Models Based XAl Explanations Importance Models Based XAl
XAl | | 2023-105

XAl | 3D printing | 2023-148

Interpretability
(explainability)

Ciraddient bar chart
with baseline

MNoew
{ proposed in this study)

scatter plot
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XAl | 2023-145
XAI methods
Explanation Type Black-Box Model Method Scope  Functionality
LIME Local  Surrogate Model
LORE Local  Surrogate Model
Anchors Local  Surrogate Model
Any Oeclusion Local  Input Perturbation
Permutation Feature Importance Global Input Perturbation
Shapley Feature Importance Global Game-Theory
SHAP Both Game-Theory
Guided Backpropagation Local  Backpropagation
Integrated Gradients Local  Backpropagation
Feature Importance D — Layerw_ise Relevance Propagation Local  Backpropagation
DeeplLift Local  Backpropagation
Testing with Concept Activation Vectors  Global Human Concepts
Activation Maximization Global Forwardpropagation
Deconvolution Local Backpropagation
CNN Class Activation Map Local  Backpropagation
Grad-CAM Local Backpropagation
Attention Flow /Attention Rollout Local  Network Graph
Transformer
Transformer Relevance Propagation Local Backpropagation
Rule Extraction Global  Simplification
Any Tree Extraction Global Simplification
White-Box Model Model Distillation Global Simplification
CNN Attention Network Global Model Adaption
RNN Attention Nebwork Global Model Adaption
Prototypes Global Example (Train Data)
Example-Based Any Critisisms Global Example (Train Data)
Counterfactuals Global Fictional data point
Partial Dependence Plot Global Marginalization
Visual Explanations  Any Individual Conditional Expectation Global Marginalization
Accumulated Local Effects Global  Accumulation
XAl | 2023-150
List of XAl studies that used EBM to explain their model prediction results
Author Objective Subject | Application Data type Sig. Features ML model Results
Tdentifios ICT] plateletinestraphil e
_ vuleomne - , raliv, D-dimer, ACT
g | pcnsay | L |igwe| pmp | sessegessi| my | gmocss
CovIL-19 ingury score, D-dimer e %‘em
= o] =
R s ACC: 0.00%
AURO(: 0.690
Idertity = g S ACC: 05.00%
SN 119 CHD Quiestionnaires |  function indicators, kel
Q'E;;J“" P:fg:;gf 39 N8 aiid-climical plucose Tevels, FRM ;E: ‘:1::;
Flénct Diseases; | 70l e “““E‘Tf_a::li”m 2 AUROC: .760
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List of XAl studies that used a rule-based system to explain their model prediction results

Author Objective Subject Application [r);pt? Data ML/DL Classifier Technique Results
- |
it U Nect, R Expert ACC:95.00%
4 COVIN-13 & Pubitic A _ Chest X- % CNN, system STF: 97.00%
Pﬁﬁ,_' Detection datazet & HEEE ray ¥ DenseNet- devised by SEN: 78.00%:
[66] 201 | radiologists | AUROU: 0890
clinical trial [
patient
selection to o5
Mellem 2 i i o o - RN
L reliospeclively lrealment Trealment Jdingeal hrdcal ML Fule- Bayesian ALC /LI0%
o7 ! improve Al ellect shudy dala trial dala based Rule Lists AURDC: 0710
167] treatment 102 placeho
effects i
schuzophrenia
xAl. 2023-081
XAl Probes
Result Type Scope Role
feature-scoring  rule-based | local  global | interpret. model  expl. method
LIME ] ] (]
SHAP ] ] ]
Aclivation Maximization ] ] L]
Saliency Maps ] ] [
SP-LIME (] () ]
Class Model Visualization ] (] ]
LORE V] (] (]
Anchors ] ] @
DeepRED V] ] S S
GAM o o o
Decision Trees ] ] (] L]
BRL ] @ @ L]
LENs ] ] ] L] [
xAl. 2023-104

Key properties of state-of-the-art algorithms

Overview of key properties of the proposed model and other state-of-the-art algorithms. The order of appearance of the sate-of-the-art algorithms in the table
is the same as in the discussion in the literature review section

property this LIME SHAP LRF NAM CHIRPS Lo MOC MAFLE DICE FACE
paper |33 23] (31 [15] [14] 17 30] |26] [31]
Fast = - - - U
deterministic e I I
lovcal - e L - e - Fl - - -
model-agnostic - - I - I - -
suitable for mult-class o - I I L I I I I I
maodels
user-parameter-free I I
past hoo e - e - [ [ ol e - -
provides counterfactual I I I I I I I
explanations
provides symbalic I I
explanations
explanations from the I I I I 1
domain
certainty quantification L I I I
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XAl 2023-116

Topology of explanations in XAl

{_clotal ) { Loen )

Inventony

Explanandum

Explanatory
relationship

Epistumulag e

Explanation o

Cogritive

XAl | | 2023-030

XAl Taxonomy
T
\ Section 4. Proposed XAl Taxonomy ‘—'-/
y

//—— Section 5. Explainability Methods \.

Section €. Data Explainability Section 7. Model Explainability Section 8. Post-hoc Explainability
6.1 Exploratory Data Analysis 71 Family of Inherently Interprerable Models 8.1 Atribution Methods

62 Explainable Feature Engineering 12 Hybrid Explainable Madels 8.2 Vicualiration Methoos

63 Natazet Deccription Standardization 7.3 Joint ?radiction anc Explanation 83 E je-based ExplanationMathods
64 Dataset Summarizing Methodolcgizs 7.4 ExXplainability TroLZn ArchiTecTural ACUSTMENTs 8.4 Gamre Theary Methods

&5 Knowledge Graphs 7.5 Explainability through Regularizat on 25 Knowledge Extraction Methods

66 Physics-informed Meural Network 1.6 Other Methodolcgies 856 Neural Methods

¥

Section 9. Assessment of Explanations
o1 Cognitive Psychologizal Measures
2.2 Understandability and Sadisfaction
[ Trsst snid Transparenry
//— 9.4 Assessment of Human-Al Interfaze \

T 10. Mathodological 3.5 Cumpuletional Assessment

Section 11. Current

recommendations and software Research Directions

tools for XAl research

Secticn 12. Concerns & Open Issues zbout XAl
124 Concerns from the User Ferspective
12.2 Conzerns from the Apglication Perspective

123 Concarns from the Government Perspective

}
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XAl.

2023-030

Relations among XAl concepts

Falmess
providas ﬂa neaded for
Sebility & - pagadiy - @
Satisfachon & reqHEs .
P Besponsibality
[ |
ICTERSES verifias
ekt neaded for
Robustoess Transpamncy
al
% al
extends
ncIeases requares for
Explamability Interactivaty
centributes fo
fosters g8
validates Q emniches
Interpretabiliny
Accuracy
High = = Tow
- - b
Emsemble versihle
£ _RE versible : k Neareet Limsar! Lomistc Decizsion
) Meetlnnds ’ Ciffision-based i
Deep Learning (Pandom Forest] Fuzzy Systems = Iemod. Neightars Fegression Tress
st M B
i rF 19658 | 2021 1951 1850 1949
@ A 4 k‘:m] 1983 1057 199(
g . P Addite Model
Newal Nelwoks Kemel-based Diffusion Bayesian MNetwork k-means . \
(RART GPT ) (MLPz, RNNa, Methods Probulilistic g (CAM, FEM.: )
CNNs.....} Models
.
1 Z ) A T .
Black-box Models Grey-bex Models White-boz Models
Tow High
Interpretahility

XAl. Libraries

XAl.

2023-145

Some of popular XAl libraries
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Name Focus Feature Importance ‘White-Box Models Example-Based XAl Visual XAl Framework

ATIX 360 [151] General LIME, SHAP Decision Rules, Model Prototypes, Con- — —
Distillation trastive Explanations

Alibi [152] Ceneral Anchors, Integrated Gradients, SHAT — Contrastive Fxplana- ALE TensorFlow

tions, Counterfactuals

Captum [153] MNeural Networks  DeeplLift, Deconvolution, Integrated Gra- — — — PyTorch
dients, SHAP Guided Backpropagation,
GradCam, Occlusion, PFI
DALEX [154] General LIME, SHAT, PFI — — ALE, PDP —
DHCE [155] Counterfactuals — — Counterfactuals — —
InterpretML [156] General LIME, SHAF, Morris Sensitivity Analysis  Explainable Boosting, — FDP —
Decision Tree, Deci-
sion Rules, Regression
PAIR Saliency [157] Saliency Maps Integrated Gradients, GradCam, Occlu- — — — Py Torch,
siom, Guided Backpropagation, Ranked TensorFlow
Area Integrals, SmoothGrad
Skater [155] General Layerwise Relevance Propagation, LIME, Bayesian Rule List, De- — FOP TensorFlow
Integrated Gradients, Occlusion, PFI cision Tree
Qhiantus [159] Cuantitative — — — — TensorFlow,
Evaluation PyTorch
ExplainerDashboard [160] General SHAP, PFI Decision Tree — PDP Seikit-learn
Ecco [161] NLP Integrated Gradients, Saliency, DeeplLift, — — — PyTorch
Guided Backprop
XAITK [162] General Saliency Maps Explanation by Exam- — —
ple
XAl 2023-155
Python frameworks supporting post-hoc attribution for XAl of DNNs
Propagation Propagation | Other Attribution Documentation
RE Rk LB G Attribution Rule-map (Notable) Tests
Common LEP [10] " _ et Full Usage
Zennit Uncommon/Custom LRP B,mh_lu Smuotthf.} ['h. s API
: PyTorch g 0T Custom Integrated Gradients [36] )
(ours) 3 Guided Backprop [37] Caibiaation Occlusion [51] Tutorials
) F: 22 clusic
Excitation Backprop [38] Fully Tested + CI
SmoothGrad [35]
Integrated Gradients [36]
Conductance [63, 64] )
: Tsage
LRP-: [10] CradientShap [62] P e
Captum [17] PyTorch DeepLIF T(+Shap) [61, 62] | None KernelShap [62] :T'utt)ri‘il‘s
Guided Backprop [37] Grﬂdl._.—\f\.-l _[bo: Fully Tested + CI
Occlusion [51] ‘
LIME [66]
Shapley Values [67, 68]
GradCAM [63]
g sion [ int Usage+
TorchRay [30] 8 Guided Backprop [37] N U{jdu'%“?_“ [s1] Jf]}nt [h{OH—API
(unmaintained) Fydheet Excitation Backprop [38] s LIME Jos) Franiples
\ amtained) 4 ACkprog ) RISE [69] Benchmarks
Extremal Perturbation [30]
Common LRP [10] Usage in Readme
(NNvestizate 1271 Tensorflow/ PatternAttribution [70] Built_In SmoothGrad [35] API
TR B Keras DeepLIFT [61] - Integrated Gradients [36] Tutorials
Guided Backprop [37] Fully Tested + CI
DeepExplain[71] | Tensorflow/ LRP-c [10] Integrated Gradients [36] Usage in Readme
sepExpla / -RP- 1 ) Noie Foisinis 15 s .
(unmaintained) Keras DeepLIFT [61 one e luslmurlal] 5 e Ex ‘mpiﬁ.
Shapley Values [67, 68 Tests + C1

XAl.

2023-140

Explainability toolboxes
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Toolbox Publication

Code repository

Skater Choudhary (2018) https://githuh.com/oracle/Skater
InterpretML Nori et al. (2019) https://github.com/interpretml/interpret
iNNvestigate Alber et al. (2019) https://github.com/albermax/innvestigate
AT Fairness 360 Aryaetal. (2019) https://github.com/Trusted- AI/ATF360
explAlner Spinner et al. (2020) https://github.com/dbvis-ukon/explainer
FAT Forensics Sokol et al. (2020) https://github.com/fat-forensics/fat-forensics
Alibi Klaise et al. (2021) https://github.com/SeldonlO/alibi
XAl | 2023-030
XAl methodology
Taxanomy
Backpropagitian based [21) 4
JEELEE mc\m 147, Prevlmton-lesey [1457
o (w Lol [1] : J’ - LS
Scoop-based —*M[n] ¢— Mmm Complexiry-bazed Alethodolozy-based
p Maedel-agnestc [148] T
Data Explainability Model Explainability (Imtrinsic [145] ) # - Posi-hac Explainsbility 114671
Databaze 3. N W}a(ﬂeﬂ_wesu!\fsed:’arﬂ:is
~—1 P imnba PR paricelar decision”
=] Mathod: —
o E <L Tt Tt j . m i g'F
i 2 data are wsad to E - :
£l ™ A=
j, Bs B Lomound Laver mmz‘ : -
|| IgMilie . 4§ z i SRS 2
3. o AR Coumliotal Newral Netwerk: B e Y
gd = Al Alporitm Erplairabitity What are theindvicaa] layer: ani the weightsused fir aprodicios” =
%3‘; i Anivaion Cpimizon Weckaniam - Laak fo1 3 PARETH of INpOE 121 FSteriies 3 MATI Tespanss. S
GO Sha sl IBm A Architactm] Adfusants - Make nscessary chanzesto he mods] architece.
- Tomm ek Privnda o Byl
s Amliotingondsd ssssmer | RedBmas | RelTaks i N
= Fapilarar on Cnmpistesass of Explmation.
Z Hman grvanded Aswesames Bead Humm:  Cirgle Todes Al Cuoybesity
3 <;> g
i Cmf e [ yromdd dssen  NoFealFumms | Prosy Tasks Soosiroby e e | e
XAl 2023-030
Deep NN
3-Channel
filter/kernel
LI . ..(el.m
'! ‘ .,
.. AR :J : 'r
. p:,a ;,r
Poaling Convalutenal Ll} o = RalU

(a)
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(b)

-_-ﬁﬁf

o

% Monkey

142

Conformal

$3d

&£ |
: Nonconformal
+ 4]

(c)

v' (b) Output representations at each layer
v" (c) Nearest neighbors at each layer.
BagNets
Feed each patch to DNN
qxq Image Patches ‘ \
M Fi A !
/\/ o :
._,--:'_T-'.::E:- " ll
___”/ 5l :#‘ 4 ’ : 3 : 2
Convoburional Layer = ReLU w Convalrional Layer = RELU P“:’;DET\\ IE“ HE
Input Imaze g?pﬂ;frﬂ‘sm : C‘hss’lirid!l(e aﬂ;\;m :'
\\ for each patch Pl

& Inputis first split into q x q patches.
& Each patch is passed to DNN to extract the evidence score.

8 Taken the sum of the class evidence scores overall patches to reach the final image classification

decision
XAl | | 2023-030
Post-hoc Explainability taxonomy
e CAM & Gradient (Grad) CAM
: ; Guided GradCAM & ScoreCAM
ChiR=F. %~ RO 1A. Deep Tavlor Decomposition Vanilla Gradient
P LIME Anchors <~ 1B. Perturbation Methods i
NominE D onalNewerk | |16 Tach Hia {»- S0k Craient
Feature Iportance & RISE ﬁ}.ﬁépm Tntegrated Gradients
e Propacaion % | 1. Attriburian Methods Kt kil
Sensitivity Analyse - 1 : *
4. Tnfluence Vethods . |
kB 46 Neweal Mathods I 82, Visuafization 2A. Putial Degensoncs Plok |
| #R.Comeapt Methods o Meth Methods 2B Accumlated Local Effects
g 3¢, ndividuzl Condinonal Expectations |
Cencept Activation Vactor
Testing with CAV ¥
3.5 Enowledge §.4. Game Theory &3. Fxample-hased
Decompos:iional Method Exiraction Methods Methods Esplanatien Methods
Pechgngiral Method #—— 54 Zule Extraction 1A Shapley Values 34 Pralotype & Ciitici - WVD-uilic
Hybrid Rule (Eclectic) Al ek kit 4B. SHAP 3B. Connterfactuals Explaration

3C. Adversanial Examples
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LIME Locally Interpretable Model Agnostic Explainer

LIME.SP Submodular Pick

LIME.RISE | Randomized Input Sampling to Provide Explanations,

LIME.CIuRe | Cluster Representatives with LIME

LORE Local Rule based Explanation
CAM Class Activation Map

MMD Maximum Mean Discrepancy
CAV Concept Activation Vector

XAl. | 2023-140
Framework for comprehensible Al
. intrinsic understanding, global explanations
explanandum: ML Model transparent
global interpretability actions / decision
necessary condition ({focus of iML)
necessary condition TI"uSl, Joint
+ cAl Performance

explanandum: ML Results

sufficient condition

local interpretability
(focus of xAl)

ex post understanding, local explanations

comprehensible
actions / decision

Explanator Taxonomy
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Required input R

o model

«  data (see task) ‘\
» user feedback ||
& conlexl |

Portability I

= moadel-agnostic | |
s partly to fully |
model-specific |

N

Locality

s global (how?)
o local (why?), on
single or group of

predictions

f/ Object of explanation \\

*  Tepresentation
{layers, units, vectors)

» processing
(decision boundary, feature
attribution)

s (raining

s data

Mathematical explanator

Interactivity \

s interaction task m human
Al system
(c.g. explorative, corrective)
s gxplanation process
{sequential analysis,
users' capabilities, cc}nlux.‘l)j

s uncertainty

L "

/J,

constraints

linearnty
monotonicity
satisfiability
number of 1fcrations
gize (sparsity, tree
width/depth)

A

(2) Explanator:
Generating the explanation,

Oufpuf

Presentation J :

=
Privacy awareness

ik *

Presentation form

o visual

I/ Explanator output type \ s verbal

* by cxample (e.g. closest other

samples, word cloud)

(textual,
formal)
= auditive

[ Level of ahsh*aman

Accessibility
e simple j

s complex &

s

= contrastive [ counterfactual / near

misg example (e.g adversarial ex.)
prototype (e.g. generated, concept
veclor)

feature importance

rule-based (e.g. if-then, binary, m-
of-n, hyperplane)

dimension reduction

dependence plots

graph

diagrams

combinations /

combinations

symbaolic

Y

Information u n!ts

s Taw feature

e derived feature

s semantic feature

+ ahstract semantic
feature

s with or without
mteractions

XAl metrics
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(3) Metrics:

Evaluating the explanation.

/ Functionally grounded \/ Human grounded \

interpretability /

o faithfulness / fidelity / soundness
o localization accuracy (e.g. for
certainty, bias, feature importance,
outliers)
completeness / coverage
overlap / redundancy
accuracy
architectural complexity

-
s algorithmic complexity / &

comprehensibility /
complexity
effectiveness / quality
of mental model

{time) efficiency

degree of understanding
information amount

/

scalability
+ stability / robustness
s consistency
e sensifivity

Expressiveness

¥
mere conjunction vs. number of
boolean logic vs. expressible
fuzzy logic relations

number of

cognitive
chunks

s satisfaction

e (persuasivencss)
s improvement of human
judgement (appropriate

trust)

s improvement of human-

Al system p

s automation capability

\ + novelty

/r Application grounded ‘\

erformance

/

Complete taxonomy of XAl
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XAl | 2023-140
xAl-Probes
Mame Cile Task Model-agnostic? Transp. Glcbal? Obj. Expl. Form  Type
Kelf-explaiming and blended models
—~ Hendricks et al. (2016) cls s P sym/vis rules/fi
- Kim et al. { 2008b) any 5 1] symvis rules/fi
ProtoPNat Chen at al. {201 9a) clsimg B pir vis proto/fi
Capsule Nets Sabour et al. (2007» cls 5 r sym fi
Semantic Bottlepecks, ReNN_ Con- Losch et al. (2019), Wang (201 8), Chen et al. (2020) any 3 r sym fi
cepl Whitening
Logic Tensor Natg Donadelio et al. (2017) any i} o mr sym rule
FoldingNet Yang et al (2017) any pel b 4] vis fifred
Meuralized clustering Kauffmann et al_ (2019) any b 1] vis fi
Bilack-box heatmapping
LIME, SHAP Ribeiro et al. (2016), Lundberg and Lee (2017) cls W P ] vis filcon
RISE Petsiuk ot al. (2018) clsimg « P 1] Vi fi
[D-RISE Petsiuk et al. (2021) detimg p ] vis fi
CEM rhurandhar et al. (200 clsimg « P 1] vis fifcon
White-box heatmapping
Sensitivity analysis Baehrens et al. (2010} cls p ] vis fi
Deconvinel, (Guided) Backprop. Zeiler and Fergus (201 4), Simenyan ef al. (2014), Sprin- img p 1] ¥is fi
genberg et al. (2015)
CAM, Grod-CAM Zhou et al. (2016), Selvaraju et al. (2017) cls.img P 1] vis fi
SIDU Muddamsetty et al. (2021 cls.img p P vis fa
Concept-wise Grad-CAM Zhou et al. (2018} cls.img P pr vis fi
SIDU Muoddamselty et al. (2021) cls.img P p vis fi
LRP Bach et al. {2015} cls p P vis fi
Nama Cite Task Model-agnostic? Transp. Global? Obj. Expl. Form Type
Pattern aatribution Kindermans et al. (Z01%) cls p p vis fi
- Fong and Vedaldi (2017} cls: p P vis fa
SmoothGrad, Integrated Gradients  Smilkow et al. (2017), Sundararajan et al. (2017) cls. P P vis fi
Integrated Hessians Janizek et al. (2020) cls P '] vis i
Glebal representation analysis
Feature Visyalization Olah et al. (2017) img p o r vig proto
MNetDissect Bau ot al. (2017 img p =4 r vis protodfi
fet2Vec Fong and Vedaldi (2018} img P ) r vis fi
TCAV Kim et al. {201 2a) any P s r vis fi
ACE Gherbani et al. (2019 any P W [ vis fi
= Yeh et al. (2020) any P o r vig proto
1N Ezser et al, (2020) any p (] r vigfsym fi
Explanatory Graph Zhang et al. (2018} img p v} pir vis zraph
Dependency plots
FDFP Friedman (200 1 » any ] vis plt
ICE Goldstein et al. (2013) any p W 1] vis plt
Ruile extraciion
TREPAN, C4.5, Concept Tree Craven and Shavlik (1993), Quinlan (1093), Repardetal. cls o p of i} sym [reg
(2019)
Via Thrun (1905) cls « i o ] Sym mles
DespRED Filkear al (2016) cls p - ] sym rles
LIME-Aleph Rabold el al. (2018) cls P P sym rules
CA-ILP Rabold et al. (2020) cls: p W P sym rules
NBDT Wan ef al. (20200 cls p W ] sym Ireg
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Name Cite Task Model-agnostic? Transp. Global? Obj. Expl. Form Tvpe
Inieractiviry

CAIPI Teso and Kersting (201 9) clsimg « P r vis fi'con
EluciDebug Kubesza et al. (2010) cls ~ P r vis fi.plt
Crayons Fails and Olssn Jr {2003) climg t n vis it
LeamWithME Schmid and Finzel (2020) cls o t WV p. [ sym mles
Multi-modal phrase-critic model Hendricks et al. (2018) cls.img ] W P vissym plirules
Inspection of the Iraining

- Shwartz-Ziv and Tishby (2017} any P L L vis dist
Influence functions Koh and Liang (2017) cls P ¥ i vis fi/dist
Diata anabvsis methods

L-SNE. PCA van der Maaten and Hinton (2008, Jolliffe (2002) any o P o d vis red
k-means. spectral clusiering Hartigan and Wong { 1979, von Luxburg (2007) any ¥ P Ly d vis proto

Abbreviations by column: image dala=img, point cioud data=pcl, Trans
sentation=r, development during Frairing=t date=d; visual=vis
distribution=dist

—transparency. posi-hoc=p, fransparent=t, sel-explaining=s. blended=b; processing=p, repre-
symbolic=sym, ploi=pll; feature importance=h, contrastive=con, profoivpical=proto, decision free=tres,

XAl.

2023-030

Post-hoc Explainability

TIMFE
LORE
Clukerl 4 Surrogation
SH-L ML Juchors -—
Womml TVE Devmimlulizud Natwork
Feature Importance RISL

Fayer-wise Relcvancre Tropagation *—l
Semsifivily Aualysis
6. Iufuee Medods

5.6 Neural Methods
OB, Concept Methods

Concept Activation W ector

1A, Deep Tayln Decowposilion

CAM & Cradient (Cred) CAW
Gmded GradUCAM ¥ ScorsCAM

1B et s Melliods Venille Cradten

1C. Backpropagation Methods  —P» Smnooth Gradie:l
I Deeniif Ircegrared Gradients
Gmded backpropagstion

&1 Anrihntion Methnds

A
1A, Pactial Decendance Plot

IB. Arcnmuiated Taoes! Tfferis
3C, Tudividial Conditivnal Expecaliv

3.1 Visualizarion
Methuds

s

lesting wrth CAW v
8.5 Knowledge
Lxmraction Methods
5A. Rule Fxtraction
SB. Model Dis]lation

Decomipositinnz! W ethod
Todagngical Methnd o+
Hybrid Rule [Feloekic)

v
E.A. Gawe Theery #.3. Fxample-hazed

Medlvod: Fosplanation Methods
AR SNDIcY e 3A. Prololype & Crilicisuss — MMD-aiic
{B. SHAP

3B, Commtrrfacmzis Fxplanation
3C, Adverserial Exameles

XAl.

2023-030
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A comprehensive overview of attribution-hasad XAl methads, highlighting advantages and disadvantages

Method Ref. Advantages Disadvantages Concept
et = Inconsistent in providing a unique solution, and
T fra hod, mz d ) & 2 2 iy
DTD |240| Nrr:rmng r== method, may apply directly to any slow computations |245]; ii) Partial explanation as SA methods
o nigher order derivatives terms are sst to zeros.
i) Suitahle ta = very large numher of explanatory
variables, sparse sxplainer; i) Same local ) Incapable of explaining models with nomlincar
LIME [29] interpretatle mode could be replacad [143]: iii) decisicn bouncaries; i) Incapable o7 explaining Model agnostic
2% Selective anc possibly contrastive explanations; iv)  surrouncing observations [140]; iii) Unsolved local surrogate
Provides lecal ficelity; v} Makes no assumptions oroblem with tabuar data.
about the model
1) Provide a counterfactual suggestion with the
LORE [246] explanation; ii) Utilise a genetic algorithm that ) Based on assumption; ii) Cannot provide a Lozal
takes advantage of the black-box to generate zlobal explanatien; iii) Works for tabular data. explanaticn
examples, i) Parameter-Tes methud.
s 5 o Represenlative of each cluster presencs the Lucal
7] = =
CluReFi |247]  Providss local explanation o a cluster. explanation of importantieures, Splanation
Io check the entire madel by extracting some WioHer st
SP-1IMF [78]  data pnints Aggregate the lncal madels t farm 2 | ess heneficial for high-level romprehension l:lc:“.aT :ug"o a_ce
global interpretation. £ &3
Provides finer-grained intcrprotation in a ) , _ e 5
MNormLIME |22¢7]  multi-class setting ard add proper normalization Agg ega?e many expianations for the class-specific < !_o\.all
: =xplanation. explanaticn
to reduce the computation.
) Requires discretization, highly confizurable, and PartiiFbaT
Anch [231] i} Less computation than SHAP; i) Better impactful setup; ii] Coverage drastically decreases ber[u o on"
neors : generalizabiliyy than LIME [227]. with an increase in Ure nuniber of fealure moge
agnostic AL
predicates.
) 1lighlights fine-gra ned details; ii) Dense feature  Artifacts in the visualization [31]; i) Training is Fitel spice
DeconvMet |238] 3 : - - gradient
representation with multi-layer. dithicult due ta the large outpu: space. 3 L)
visualization
; . e trads 5 i - i) Sk
RISE [220] i} Any architzcture ca_n_b_ generalized; ii) _} In:.(a.nslftcnt due to random mask; i) Slow Pl salisicy
Proposes causal metrics. computation.
1) Idenmics: discrimiriathe srcas in‘ar imgg ) Modify the network architecture that lends to
CAM [235] classification task; if) Fast and accurate. complex model [31]; ii) Apolicable o a specific Regularization
ype of CHNM.
i) Applies to a broad f CMM ‘el families; e o : <
') ?p_'e’ S o s v ) Lacks the ability to highlight fine-grained
i) Rolust Lo adversarizl perturbativis in an imege AT s . : ¥ S
Grad CAM [21] AT : details; i) Individual interpretaticne are difficult to  Regularization
classification task; iii) Help to zchieve the model P
Fizaty & bi dggﬂ:‘gdl{: wr plubd nowiedge,
generalization Dy removing Diases.
Guided i) Highlights the fine-grained details and less noisy ) Captures pivels detected by neurons, not the Pixel space
Backpronagatinn 12201 =xplanation [31]; §i) Provides more interpretable ores that suppress neurons [31]; i) Less Gradient
R results than DeepLitt. class-sersitive than the varilla gradient Visualization
Guided ) Rerr'loves b s g;nd_lents andtindegand the 1) Distinguishes an object of the same class; i) A
R [31]  model’s decisicn; i} Provides class descriptive and s e R : cropagation +
ra igh- resaliition friape: 05 ot cons der entire class region. Crad . CAM
i} Schves the dependency = proklem on the ) Localization results are poer and lead to
ScoreCAM [30]  gradients; ii) Achieves better visualization anc fair  non-interpretability; ii) Smoothing generates CAM
interpretation. inconsistent explanations.
1) Makes undesiratle changes with data e,
Vanila 1230| i) Simple to implement based on bzckpropagation;  pre processing [240]; §i) Vulnerable to adversarial = ;or:' B
Gradient 3 i) Pizebwise fealues are important. atlacks [250], iii) Decisiun-making prouess is 2 :
4 = interpretation
urknown.
i} Denoising impact on the sensitvity map is 5 z z 2 = iy
Smirad [733]  achieved hy traininz with noisy data; i) Generates ) Wofe tiectie it Large areas tf the dasm Regu[anzatlon
: < s 5 object i) Degeneralizes to ditterent networks [251]
images with multiple lovels of noisc.
. 5 2 L 1) Does not meet the Shapley values' axiom; ii)
Int=grared i) Very suitable for nzural networks; i) Optimizes ) - s . gy 3 =gt
Gradients (IC) [22] the hifignag feBithfl, splanstons. fmll n_le..l'anls.'rl to identify specific flea.u. es and Shapley vaue
nconsistent to produce the explanation.
_— . ) Depends cn a reference point or baseline: i) .
Deeolift |234] [imdienc-Tics. [227];. 1) Achleves the goal.of Produces inconsistent resuls due to redefining | e
completeness. importance

aradient.

XAl.
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xAl-Probes
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Reguiremenis

I

Sormudation
Use cave
(5 PECEE

Task tvpe

4 elassifieation

= detection

& semantic [ instance
segmentation

= clystering

4 regression

e

_Jl (L) Problem definition:
Specifying the explunation.

—

Type of
Explanandun:
Muodel
inlerprnmbiln)

Darta type

Pinary, ordinary)

fext (matural or Tormaly
immages, point cleuds
temnporal resolution
andio

gtaph

™

= tgbular (numerical, categoerical,

,/

) Intrinsically / inherently

|
I—Pl Blemded models |

.‘*—)| Self-explaining g

Pogt-hoc
explanations

d

S

interpretable

simulatable {sire- ar
computation-based)
decomposable
algorithmically
transparent

—»

decizion tables / rules
decision lree

Bayesian netwarks and
naive Bayes

lingar / logistic model
SYM with simple kemnel
general linear model
general additive model
gruphs

fimite state automata
simiple clustering amd
nearest neighbors
diagrams

\_}

disentangled
representation
capsule nets
attention maps
textual explanations

XAl | 2022-183
Classification of some of popular XAl probes
XAl method Explanation level Implementation level Model dependency
Global Local Intrinsic Post hoc Agnostic Specific
ANCHORS [40] v v
LIME [28] v v v v
SHAP [25] v v v
LRP [30] v v v v
Grad-CAM [29] v v v
Saliency Maps [29] v v v
Integrated Gradients [38] v v v
DeepLIFT [36] v v v
Bayesian Rule Lists [32] v v v
Distillation [34] v v v
GAM [33] v v v
Mean Decrease Impurity [37] v v v v
CAM [41] v v v
XAl | 2022-183
XAl probes
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Selected Papers

v l
Visual Interpretation Visual-based XAl
1
¥ v ¥ v
Madel Usage Visual Appmaches Mndeal Uzage — Visual Approaches
Feature Selection Data Representation L :ﬁ:‘éﬂ@ham Data Representation
SHAP [ﬁ
Farformanre Analysis Perinrmance Analyss I e — Local Fxplanations
/ Prapacafinn-nased
. - Rule-based CAM
: Architecture > ANCHORS Grad-GAM 4.[ Gicbal Sonai ]
L 2 3 obal Zxplanalions
Medel Hndarslending *|  Understanding I BRL Inteareted Gradients
_— Deepl FT
Others LR i
CAM
MDI
Distilletion
XAl XAl StatArb package 2022-015
Block diagram of the StatArb XAl trading strategy
learning Sorecasting ranking trading
L 1 £ 3 L
r r T q
N & o I = E ( &
Iy ' by - Top k
"n 4 LI S - &
Iy ’ ' by Flop k
N | AL X
LN | feature | ¢ ort and trading signals
| 7| mportance : @ rank [l shcrt & long
JYO V| ineshoid 3 stocks according to
T selection |+ 1 > Regressor’ | ¥ prediction
L 1 sslection . by -
LT o Y 1:
i I Stock S. HE. -
N ock S; 4 ¢
1 s - \, J —
A\ H Stock 52 4 | P Stock 52,7 !
Nt A, - L : R *
M : * Stock 8; ¢ Beaid '_-._S_‘o_tk_s."
| Training [ Validation I Test
A A J
T T
Mb:ﬂﬁ;ls Feature set selection Forecasting
I T |’/-

Feature selection strategies for three stocks:
GOOGLE, IBM, and INTC

Feature
Stock  Feature importance
GOOGL LR; -0.1077
GOOGL LRg -0.3906
GOOGL LRs -0.5298 Pl Pl running
Feature Feature Feature

GOOGL LRs -1.1571 :\u\\) Stack  Feature Importance  Featurs Importance  Feature Importance

" GOOGL M/A LRy -1.1571 LR -0.3906
ol L 0.1060 BM /A N/A A
INTC LRs -0.2911 INTC  LRg -0.2911, LRy2g -1.1547 LRs 0.2911
INTC LRa2s2 -0.3211 (b) Selected features
INTC LR3 -0.3420
INTC LRs3 -0.7658
INTC LR12s -1.1547,

(a) Feature importance
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XAl.

| 2022-103

Perturbation
Method

References

Gradients (sensitivity)

Signal

Model agnostic

Layer-wise relevance propagation (LRP)

Deep Taylor decomposition

Deep learning important FeaTures (DeepLIFT)

Integrated gradients (IG)

Gradient x input

Prediction difference analysis (PDA)

Graph LRP

N/A (gradient-based)

Saliency maps

Class activation mapping (CAM)
Gradient-weighted CAM (Grad-CAM)
Guided Grad-CAM

3D CAM

3D Grad-CAM

Respond-CAM

Multiscale CAM

SmoothGrad (SG)

Carrelation maps

L'esting with concept activation vectors (1CAV)
Automated concept-based explanation (ACL)
Guidad backpropagation (GBP)

DeConvNet (occlusion maps)
Inversion-based

[nversion-based

PatternNet

PatternAttribution

Local interpretable model-agnostic explanations (LIME)

Submodular pick LIME (SP LIME)
anchor-LIME (aLIME)

Baehrens et al,, 2009
Simonyan ct al., 2013
Zhou et al., 2016
Selvaraju etal, 2017
Selvaraju etal, 2015
Yang et al,, 2018

Yang et al., 2018
Zhaoetal, 2018

Hu el al., 2020

Smilkov =t al., 2017
Schirrmeister et al., 2017
Kim et al,, 2018
Ghorbani et al., 2019a,b
Springenberg et al., 2014
Zeiler and Fergus, 2014
Mahendran and Vedaldi, 2015
Dosovitskiy and Brox, 2016
Kindermans et al., 2017
Kindermans et al., 2017
Eibeiro et al., 2016
Eibziro et al., 2016

Tulio Ribeiro et al., 2016

Model agnostic globally interpretable explanations Puri et al,, 2017

SHapley addilive exPlanalions (SHAP) Lundbery and Lee, 2017

Decomposition (redistribution)

Bach et al, 2015
Montavon et al,, 2017
Shrikumar et al., 2017
Sundararajan et al., 2017
Shrikumar et al., 2017
Zintgraf et al., 2017

Chereda et al., 2021

XAl.

2022-045

XAl methods terminology map
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AT Model

White-box

Perturbation-based
Perturbation-based
Rule-based
Cluster-based

Multimedia
Graphics (heatmaps)
Textual

Graphics (heatmaps)

Python (PYMC)
R (PyGAM)
Python

Pytorch

Qualitarive
Qualitative
Quantitative
Quantitative

Transparent box i .
Approach Backpropagation
Perturbation
e  BayesRule List
e  Basien Case Model | ) R ]
¢ Generalised Additive Model Scope X Ig;cg ]E gp elman?n ‘
¢ Neural Additive Model guaiSan anation
Model-Specific, Ante-hoc. |
Compact Explanation ‘ Usage Quantitative
i o 77 - - Explainable — Evaluation
Model-Agnostie, Post-hoc. } |
Complete Explanation | I
Interpretable Qualltaf:lve
Evaluation
*  Spectral Relevance Activation
e Global Attribution Analysis ’
i gss;;g:iisnccp thazed Trustworthy “ ‘ Ethical ‘ \ Safe | i Responsible
Al | Al Al | Al
XAl | 2022-045
Workflow of Post-hoc and Ante-hoc Global XAl methods
Textual Explanation is
Post-hoe provided in text form
* Caption of image
» Explanation sentences
v
Surrogate . ) Graphical Explanation
Almodel m,_-:ige] —j anlanation —*  Explanation —— | is provided in visual
model medium ot
2 * Heatmaps
+ Saliency maps
Ante-h Multimedia Explanation
is provided in
« Text/ Graphs
* Audio/Video
Model usage (type) Year Methods Data type
Ante-hoc (Model-Specific) 2014 BCM [75] Any
2015 GAM [76] Tabular
2015 BRL [86] Tabular
2020 MNAM [701 Image
Methodologies Explanation medium Frameworks XAl evaluation

AAA->CNN-58-> BFit6.xAl1.2022, 2023

854




Model usage (type) Year Methods Data type
Post-hoc (Model-Agnostic) 2016 SP-LIME[40] Any
2015 LRP [B6] Image
2017 SHAP [52] Any
2019 SpRAy [533] Image
2019 GAA [72] Image
2019 ACE [94] Image
Methodologies Explanation medium Frameworks XAl evaluation
Perturbation-based Graphics Python/R Qualitative
Gradient-based Graphics (heatmaps) Caffe Quantitative
Perturbation-based Multimedia Python { XGBoost) Quantitative
Gradient-based Graphics Caffe Quantitative
Perturbation-based Multimedia Multi- dimensional Quantitative
Concept-based Graphics TensorFlow Qualitative

XAl | | 2022-045
Global explanation from Local interpretation SP-LIME and SHAP methods
I 0y | LIME | Important I Feature importance
I 0, Features I @ Global
I
. —'M—f ) . J_; explanation || Feature dependence
Iy O |... LIME k Iy g Inieraction valucs
L | L1 | explainer by
: Global
[nput Model Local i
Samgle Ouput  explanation explanation nput L()c;i]. Dependence plot
Sample explanation
(1) SP-LIME (global explanation) from LIME (local explanation) (b) Combining different local explanations and from SHAP values for Global
explanation
XAl | 2022-045
Algorithm for Global Attribution Analysis for global interpretation
Algorithm for Global Attribution Analysis
Local XAI methods o
; # SN
Integrated Gradient Local Normalization | pair_wise rank ( K-mcdmdl g O \
. . ———— |
i altributicns distance matrix (\. /
N
DeepLIFT N Cluster
i attributions
LIME Spearman’s Rho Kendall’s Tau Global
squate rank ik distaiios attributions
distance _patterns
XAL. 2022-045
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Explanatory Taxonomy of
Data and Model Driven Global Explainable methods

Data Type

image. tabular. andio

Objects of explanation
lavers, vector, featurss,
| _ processing. decision

Task Type
detection, regression,
classilicahon, clustering

‘ Type of Explanatory

—JL

Sali Maska nsing Decision Tree: use Partial Dependence Plot: Decision Rule: 15 Pratotype Selactisn: | | I"enlllrnuimporlnnro: i
o/ m:r hl'“itl. u:n° single Iree use to undersanc and to transform tree inta use to represent set ot use to highlight welght
mask to highlig approximation to visua ize the relation set of rukes. similar instances. anil prpiiice o
causes of predictions. explain prolictions. | Bokwini oitteae am important features.

mpu[
' — BCM ] i
N Tiee Fxplamer ‘ BRL GAA i ) )
SPRM SEAF \ \—‘ ] NAM | ‘ GAM ‘ SP.LIME ‘
i_ I Gradient-based  _ Model Dei E tion: Concept-nased ) ) i
explanation som:ies?;'::cr :?::::-:1“ : explanation AR L D :
Er i _ studics impact of ccrtain input i
smponiEn frvishis neurans) ; T on o ] datz changes on model :
Comelation-hased |~ on madel. [ Perturbation-bascd T ) ' :
explanation Sl I explanaion : ;
Explanators Merits Demerits
Saliency Map « Highlizht important pixels + Only qualitative evaluation is available
« Faster computation « Insensitive to model and data,
Decision Tree « Eagy to explain. + Fail to deal with linezr relatinships.
o Need less effort for cata preparation  Difficult and expensive t interpret dzeper tree
Partial Cepandenca Plat « Easy to understand and interpret. + Deal with maximum two features,
» Easy [0 implemert, + hidden Heterageneous effect
Cecision Rule » Select only the relevant features, » Lifficult and tedious to list all the rules.
« Cost effident, + Fail to describe linear relationship.,
Protolype Selection o Easy detection of missing functionalicy. + Expersive
o Detect emor atearly stage. + Higher number of features or clusters.
Feature [mportance « Eag interpretation. « Expensive
» Highly compressed and insight model globally + Tz consuming

XAl Semantic Web Rule Language (SWRL) 2022-104
Semantic Representation of Deep Learning Models (SenRepDLM)
Generic schema of “cloning” black-box classification models
to the explainable form of SWRL rules
AAA->CNN-58-> BFit6.xAl1.2022, 2023 856




Domain M L
omain

Boundary: %ﬁ
a) rectangular IGNORANCE *

EXPLORER

b) circular

O —-b o Decision

: ' Labelled Tree
c) arbitrary

L Sample *
: 3 ;g i 4 Transfer

CHALLENGER:
Comer Cases Generator | _ +
. ‘ [l
Adversarial | LAS S L
Sample

4 v 4 ¢
Donor | | Clone

“Black-box"-to-XAl

XAl | | 2022-104

Black-box — XAl (SWRL) transformation and integration
Use case scenario (predictive maintenance of smart industrial assets)
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Class of industrial
smart assets

Distributed |
instances of :
the industrial i
asset :

1

Individual black- |
box diagnostic
models l

Individual XAl
and semantic
diagnostic
models

| |
! Integrated and 1
I explainable semantic !
| - . |
i diagnostic model ;

|

XAl 2022-104

Neural network vs. decision tree example
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{or “adversarial sampies”|

—_— e e e @ o o ow B D

(a) 20 Training samples;

(b) Decision boundary produced by neural network;

(c) Two rules for the class “black” produced by the trained decision tree;

(d) Potential error zones for the decision tree (regarding class “Black”) where the trained
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neural network performs better;

(e) Two rules for the class “Grey” produced by the trained decision tree;.

(f) Potential error zones for the decision tree (regarding class “Grey”) where the trained neural network
performs better;

(9) Generated samples (“corner cases” or “adversarial samples™) within the discovered potential error
zones that could be used to re-train the decision tree aiming better classification accuracy and robustness.

XAl | | 2022-104

SWRL rules generated on the basis of 20 training samples using decision tree learning algorithm and
special Protégé plugin

| Control Ruler Astertec Aodome  Inferese Avioms | OWL 2 RL

Rule
sorlbzgresterThan Cvar_coerd ¥, "B 4 fued:double) © coord_WAnttance, fuar_czerd W) -3 grey{Tinstarce)
awrihzlessThan(rf cualiPvar_raard ¥, "E0°* *vedidnuhle) * coard Y{fintrance ear cnard Y, * conid X[Tinckanes, Tvar_cosnd X) & cultelecsThanD Equei(tvar eoard X 71 07" *vedcouble) - > black{Findanse)
swribzlessThanOrigualTvar coord Y, "6.07* *xididouble) * ceard Y(instance, var coord ¥, * cooed X 7instancz, Tvar_cocnd X) ™ switgreaterManiTvar coond X, 1107 xsddoub € -> grey(Tinstance)
A v owl:Thing V- prd:Lo .
wplalaPiupenly
Y [ ¥ > 8 > Class = GREY S, i L mmcoord X
2| [ RULL 1 | rma || -
11 D RULE_1: swrlb:greaterThan(?var_coord_Y,
10 D D "8.0"*ysd:double) * coord Y(?instance, ?var coord Y)
———— -= grey| finstance)
9 p— I’ N~ ~ D i
oo e ] : "
s[(B), M P RULES |[X>11 aND Y <8
f -~ =2 5 - .
7 [; ] 3 ~ — Class = GREY
of / H ] , B
= i \ RULE_3:
I RIUILE 2 1 swrlk:lessThanOrEqual(Pvar_coord_Y,
4 ,‘ [ | f' "8.0"AMysd:double) A
3 . ,f D coord_Y({?instance, fvar_coord_Y) "
g coord_X(?instance, ?var_coord_X)
2 . "' D swrlk:greaterThan(?var_coord_X,
1 /\ [ | -_,.-*" "11.0"*xsd:double) -> grey(?instance)
-
L ;
/ i\2 3 4 5 6 7 8 9 10 11 1213 14 X

RULE_2: swrlb:lessThanOrEqual{Pvar_coord_Y, "8.0"*%sd double) #
coord ¥(?instance, var coord Y) *coord X(?instance, Mvar coord X)*
swrib:lesslhanUrkqual({?var_coord X, " 11.0" ~rxsd:double) ->klack(?instance)

X<11 AND Y =8
— Class = BLACK

XAL. 2022-143

Taxonomy of explainable artificial intelligence
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CRUDs

Proposed Taxonomy for model-agnostic counterfactual approaches for XAl
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XAl | | 2022-143

Classification of collected model-agnostic counterfactual algorithms for XAl based on different properties,
theoreticalbackgrounds and applications
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Post-hoc analysis
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Global dataset for maize crop yield in comparison

Data between conventional and no-tillage (n = 1271)
Machine Linear Decision Random Gradient
learning model tree forests boosting

algorithms

5-fold cross validation for hyperparameter tuning

i post-hoc analysis
|nterpr|¢1e_table Variable [ Interaction Partial LIME
machine importance f§ importance l dependence
learning

Interpretation Novel pattern discovery and method comparison

XAl 2022-166

Visual quality inspection pipeline

(1) FEED Cian
#LGORITHM |

{1 F?-'ﬁl'ﬁl-‘-\ﬁ-’f:k'-{:ﬂ
f_ RETAAIN MODELT WL GR ITHLE
S : DATASET
| FEECIUEST RAIN
” E xP AleAT IO

4} DEFLOY
! MCI0IEL

THE FCIYES
ﬁ 5} STREAM DATA _{BACLABSIFY r ,\ia:'\r . I"-d:IJIL.I T
=] E“.LABSIFIC&TION _—
TBIE (10 AMMCTATE
PRINTING ML "LM%%IFEATION QUTGOME at\ T
-

PAD L
MODEL [ COATLITE MINT MANUAL
". T“ . REWVISION
L& 3 BEPLOY WMODEL & i\. o TG
o) o\, ‘
U oo
TRAIN GAN DEFECT HINTING

[Ii‘-' COWFUTE HINT

2 PROGE SYHTETE:
ot [ P48 [ANCE

Non-defective (good)
Defective(double and interrupted) prints

PHILIPS : PHILIPS

S@ric-
Series 1000

good double print mierrupted print
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XAl 2022-167

Integration of an ML classification algorithm
with LIME and semantic approach

___Mental model of the explainee

Semantic Approach (Topic Model in Text Domain)

' Topics

, e Semantic alignment*
i Latent Dirichlet 2

& —_— — —

Allocation

@® —

| Human semantic conce

I +Topic distributions® l +Semantic interrogations*
Perturbation-based Local Explanation Generator
. Topic-based +Contextual
+Meaningful and realistic perturbations™ explanations* @ interpretations®
=]
“Random perturbations" Word-based |&| .Contextless
/ T \ explanations® | f§| interpretations®

lack-Box) ML
== (Bmgorimn - c;f

v Black arrows:Classical way of generating and communicating explanations in a model-agnostic
and perturbation-based way
v Blue arrows: Explanation process of CaSE integrating a semantic approach

XAl | Typical challenges of XAl. 2022-173
high
Quadrant !
Positive | t:
it Quadrant If
interest in XAl ’ 2 :
L 2 High interest, low trustin
Negative impact: high XAl
Impact of an Al-based decision interest incentive for shift
ta quadrant J!
Quadrant ff! QL:ladram “i
: ; Incentive for shift to
Low interest in XAl 5
quadrant fl
low
low high

———p Level of politicization
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Challenge Explanation

1. Lack of expertise Most persons will lack the expertise to understand
the explanation and assess the fairness of the
decision.

2. Contested explanations Experts explaining algorithms also make biased and
inherently disputable choices.

3. Dynamics of data and Data and decisions change over time, and therefore

decisions explanations change.

4. Interference of algorithms Often there is a whole chain of activities to collect
and process data from various types of sources, and
many, often different kinds of algorithms are used.

5. Context-dependency Algorithms cannot be explained at a general level, as
outcomes might be different per individual.
6. Wicked nature of the Wicked problems are ill-structured, are ambiguous
problems addressed by nature and can be solved in different ways.

Algorithms provide one answer that is contestable
and changes over time.
7. Causality is not used for If the causality is explained between inputs and
making decisions outputs, this does not mean that the algorithm uses
that causality to arrive at a decision. Furthermore,
the explanation of causality might change over time.

XAl | 2023-030

Ex planalian

Newral Network Laver-wise 5 computations

v LRP: Decomposes a model’s prediction function into a sum of layer-by-layer relevance values.
v In other words, it is a Deep Talyor Decomposition of a prediction when used with ReLU networks

PRincipal Image Sections Mapping

PRISM
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XAl | Principal Image Sections Mapping 2023-061

Feature indication potential of PRISM
Images of two wolves and one coyote

AlexNet

VGG-16

VGG-19 ResNet18

ResNet50

ResNet101

SqueezeNet

v" Two images of wolves and one of a coyote were used to depict the feature indication potential of
PRISM

+ PRISM outputs for multiple state-of-the-art models

XAl | 2023-061

Output comparison of PRISM
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Input PRISM

7

DeconvMNet Excitation Backpropagation
Grad-CAM Gradual Extrapolated Grad-CAM
Guided Backpropagation Guided Grad-CAM
Integrated Gradients Layer-Wise Relevance Propagation

DeepLIFT LIME

-- ‘l.

XAl. 2023-061
PRISM detects features (mushroom) ignored by
final CNN’s verdict
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Input Gradual Extrapolated PRISM

Basic PRISM Basic Grad-CAM

Gradual Extrapclated PRISM with Grad-CAM saliency Classification results
malamute; 0.50 mushroom; 0.74
Eskimo_dog: 0.27 bolete: 013
Siberian_husky: 0.22 agaric; 012

v’ Addition of salience provides a proper result

xAl. 2023-061
PRISM for five canine classes
Border _collie: 0.85 coyote: 0.93 grey fox: 0.95 Samoyed: 1.00 timber_wolf: 0.91
collie: 0.14 red_wolf: 0.03 kit_fox: 0.03 Great_Pyrenees: 0.00 red_wolf: 0.08

Japanese_spaniel: 0.00 grey_fox: 0.03 coyote: keeshond: 0.00 coyote: 0.01

-

AAA->CNN-58-> BFit6.xA1.2022, 2023 869




First row: top three confidence scores for each image
Second row: input images

Third row: GE PRISM

Last one: PRISM with only exclusive colours

XAl | Agricultural science 2022-153

Partial dependence plots for
Yield_CT (a); Tmax (b) with the data distributions (c, d)
b

a

algorithm
Linear model 005
02 Decision Tree

== Random Forests

— Gradient Boosting

°
8

Partial dependence
s
&

-0.10

d
e
5 = 3

0 10000 20000 30000 40000
Yield_CT

oy
oB8a

Partial dependence plot (2D)

Linear model Decision Tree
40-
yhat
35- 0.50
3 025
g 30
=
0.00
25-
0.25
20-
0 10000 20000 30000 40000 0 10000 20000 30000 40000
Yield_CT Yield_CT
Random Forests Gradient Boosting
40- 40-
yhat
35-
x
©
g 30
=
25-
20-
0 10000 20000 30000 40000 0 10000 20000 30000 40000
Yield_CT Yield_CT

A brighter yellowregion (top-left) indicates that crop yield in no-tillage is higher than conventional
tillage,while a darker blue region (bottom-right)indicates the opposite
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Variable importance plots

XAl | 2023-
(a) PDP & ICE curves(b) ALE curves
First-order ALE of feature 'mean texture'
i Bins : 10 - Monte-Carlo : 50
T — - - — 0-15 1 1 i R Sl 11 1 1
B 0.10
E —_p.24 E 0.05
E —0.3 1 T 0.00 =
g g W
z —0.4 :-\-6 —0.05
z Y _p.10
—05
—0.15
—0.6 -
- average —0.20
|I L T I I| I I| I T | T | T 1 B M SHRTE T TOT T Rl il
14 16 18 20 22 24 26 10 15 20 25 30 35 40
mean texture Feature 'mean texture’
(a) (b)

Feature activation maps
XAl | | 2022-066
Feature activation maps
Thyriod Nodule classification — ultrasound Data
871
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U]

v’ Feature activation maps for two input images from the 1st (a), 10th (b), 22nd (c), 40th (d) and 49th
(e) convolutional layer of ResNet

XAl | | 2022-124

Feature activation image mask A
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L Gl

i i i c C .
Feature Activation image masks A%, P{ Uniqueness

P U¢
i=1..N
| — Featuremportancs
CNN weights
P§ e We
Model =L Similarity i=1.N
= F P Difference
SDy.n
L N is total number of feature activations

Input Image 1 .
g v = total number of feature image masks

P; is the predictions of feature image
masks

Po,q is the predictions of original input
image masks

Visual explanation for prediction

we - +wy - QS+ w R =

Visual explanation

v' Visual explanation is a weighted linear combinations of feature activation masks for prediction of
the class

XAl | | 2022-124

Visual comparison of explanation maps generated for natural images classes predicted by CNN model
‘Bird’,“Borzoi dog’, ‘Spoonbill’, ‘Goose’, and ‘Harp’

(a) Original Image (b) RISE (c) GRAD-CAM (d) SIDU
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(a) Original Image (b) RISE (¢) GRAD-CAM

Insertion and deletion casual metrics AUC

Bval o 41 %, F=0 1088 b ) Aiges inserted 82.5% P=0.9956

(a) (b) {c) (d) (¢) ()
v (a) original image (b) SIDU explanation map
v’ (c) deletion metric (d). (e) insertion metric (f) AUC
XAl | 2022-124

Examples of Eye-tracking data collection from humans
to recognize given object classes ‘Model T and ‘Armadillo

XAl | 2022-124
Comparison of XAl methods
Visual explanation of object classes
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(a) Original Image (b) Eye-tracker (c) SIDU (d) GRAD-CAM (e) RISE

Comparison of XAl visual explanation with different levels of FGSM noise
with human visual explanation (heatmaps)
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(a) (b) (c) (d) (e) (f)

XAl | | 2023-
LRP
o _}'e:ra_l-}.'e_tw_u-rk_ - Layver-wise ‘RS computations
0 LRP: Decomposes a model’s prediction function into a sum of layer-by-layer relevance values.
0 LRP can be thought of as the Deep Talyor Decomposition of a prediction when used with ReLU
networks.
XAl | | 2023-150
List of XAl studies that used LRP to explain their model prediction results
876
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xAl. 2023-
Concept Activation Vectors (CAVs)
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XAl 2023-142
Libraries for Shap and Lime
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Library Version

Library Name

Descriplion

_ A library that implements lincar algebra operations, "
Numby mathematical functions, elements of statistical analysis 12150
Matplotlib Library for plotting various types of graphs 341
Scipy Library desng.,ned Fo perform §C1ent1:1c and 180
engineering calculations
Pandas Library for working with tabular data structures 141
Library with implementation of the XAI ’
Shap SHAP method Bk
y Library with the implementation of the XAI :
Lime LIME method s
Scikit-learn Library with tools for designing and training models 1.02

SHAP. MedData (MD) >xAIM

| 2023-150

XAl.

| Health care

SHAPdiagram of Al models
Sunburst, Doughnut, Pie
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(b)
Adverse outcome, |

_Su:veillance, 1] 1

Surgery

complication, 4 ~ ’ —

Risk assessment, —
4

Quality of life, 1

7
_ ’ Applications

| Oncology, 2

Srait

— : 'Cungenital heart |
Hospital disease, 1 |
| admission, 5 | S

Genomic data, 1

~Imaging data, 3

Interview, 1 )
EHR/EMR, 23 Survey,1_—
| L

_,//

ECG, 1

Jeps, 19]

1D Signal Phonocardiogram, 1
s
T~ PPG, 1
o
B
Clinicaldata, 13
XAl | Health care | 2023-

Al models employed and the respective XAl technique
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(a)

Clinical feature : E

analysis

SHAF, 36

— = Fuzzy, 1
(b) = = Re,2 ¥+~ ~Rule, 1

High
dimensional l::) _pl.,tf;a ':>

data analysis

25

Others, 2

LIME, 1

Text data
analysis

|
|
Attention, 3J

GradCAam,

v" (a) clinical feature analysis, (b) high dimensional data analysis, (c) text data analysiss

XAl |

2022-127

Input vector - prediction
Architecture — XAl -- model

$3

Bl

1 - Prognostics
model

2 - SHAP model |
(post-hac)

- Black box model: inputs lead to the prediction without explicit causal relationships

+ SHAP model: Able to output decomposition factors (SHAP values) facilitating understanding of

AAA->CNN-58-> BFit6.xA1.2022, 2023

880




importance of each feature value to the prediction
Denoised PI‘OgI]OStiCS

7 s Generative Data ==
R‘T_w ‘datl:a Adversarial | instance Model Senflall I:%}g
(?rlgma. Network : (Linear Regression/ setut Lite
signals) Multi-Layer Perceptron/ Prediction

Echo State Network)

SHAP Explanation
— (set of SHAP

‘ Model values)

SHAP. GeoScience=->xAl.GeoSci

XAl | Geoscience, landslide susceptibility | 2023-002
Predictor domain, showing the range of variable influence
Normalized predictors’ domain Normalized predictors’domain
0.0 0.25 0.5 0.75 1.0 0.0 0.25 0.5 0.75 1.0
1 1 g 1 1 1 1 L 1 1 .
Sip_m s O] [ —essim—— - )
PGV_Usgs ,*‘“ SRR - —
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Sand_m ‘_ _‘__
NDVI_m > RN "N
Bdod_m = . - >
Nrt_m : . : =
vC_m * - =
HCm - — | -
Silt_m i N . 2
Prc_m B \ 5 n
Est m : z
L] T T L] T L] 1 L‘ L] L
-1.0 -0.5 0.0 0.5 1.0 -1.0 -0.5 0.0 0.5 1.0
SHAP SHAP
Model’s decision process to generate a given susceptibility value
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Final Starting (a)
probability probability
value 0.31 value 0.49

0.15 0.20 0.25 0.3 0.35 0.40 0.45 0.50 0.55 0.6 0.63

siem

Slp_m PGV_Usgs Sand_m
s .
Ex. stable slope unit negatlve(_ pO.S'tIV.e Ex. unstable slope unit
predictor contribution
Starting Final (b)
probability probability
value 0.49 value 0.73
0.1 03 T 0.5 07 T 09 1.1

Silt. m Est_ m

rﬂdodim

PGV_Usgs

General overview of the web application

eptibility with Explainable Al

Landzlice Susceptibility
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v Panel (a) : susceptibility map obtained by using our XAl

0 Depicted here into five equal spaced classes
v’ Panel (b) : example of an XAl query for an unstable SU.
v’ Panel (c) : example of an XAl query for an stable SU.

i it i i
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Metrics : [SHAP;LIME]

XAl 2023-142
Dependence of the reliability metric on correlation coefficient
LR DTREE
0.95 1 0.90 4
0.90 o
" 0.80 1
D 085
= 0.70
2 0.801 .
©
R 0.60
B 0.70 1
g o
0.65 - 0501
0.60 1 ” .
0.0 0.2 0.4 0.6 o8 10 0.0 0.2 0.4 0.8 (X ] L0
Rho Rhao
-% ) 0.80 1
E 0.90 A
ﬂ 0.85 0.70
o
_5 0.80 o
T 0.75
=]
% 0.70 1 0.50
2 065
g Giao 0.40 1
g’ s T T
0.0 0.2 0.4 0.6 oe 10 0.0 0.2 0.4 0.6 08 10
Rho Rho
—— SHAP — LIMEJ
XAl 2023-142
Algorithm for calculating faithfulness metric
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X1 X2
X1
X1
X1 X2
X1

X1
L

XN —Predict-» f()()

XN f(x) mean A, Wy
XN f(x)
XN f(x)
o || % )

mean Ay Wy

L )

T
Pearson

XAl.

| 2023-142

Methods flow

Machine learning
model

l

—Train data—» Fit model on dataset
Run XAl over model
on test data

Synthetic data
generation

Test data————p

Input, XAl weights

Evaluate metrics

Incompleteness metric
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LR DTREE
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SHAP; loT

XAl | Intrusion detectionframework in 10T networks | 2023-057
Top 20 relevant features of attacks that binary classifiers learned
SHAP
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Healthy observation
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Stability evaluation results for Anchors (healthy observation].
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vdeZ > 261,91 AND idc2 > 7.56 AND ovdel > 264.04 26
25191 < vde2 < 271.99 AND ide? > 6.03 12
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26101 < pvde? < 28571 AND ide2 > 6.03 2
26191 < pde < 271.99 AND ide2 > 7.56 2
26191 < vde2 < 271.99 AND idc2 > 6.03 AND vdel < 2727 1
vdeZ > 26191 AND ifdc2 > 7.50 1

Short-circuit observation
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XAl 2023-027

Global feature contributions on QDA model output
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v’ x-axis :Feature contribution as SHAP value ;
v" Colourof individual points represents the original value of the feature;
v’ Vertical spread over points has no meaning;

| 2023-027

Local interpretability of the classified 256x256 bins for three impact energy classes
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XAl 2023-055
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C02 Capture Efficiency
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Feature value

Abs Height
FG Temperature

Lean Amine Temperature

=1 0 1 2 3
SHAP value (impact on model output)

SHAP. MedData->xML(XAIM)

XAl | Medical | 2023-139
Survival model predictions
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observation of interest survival function prediction SurvSHAP(t)
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Aggregated SurvSHAP[) ~
local variable importance

v SurvSHAP(t) allows for time-dependent explainability of any survival model predictions.

SurvSHAP(t) for the selected observation and two models

Random Survival Forest Model

Cox Proportional Hazards Model
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Comparison of the GT-Shapley metric for explanations of CPH and RSF
trained on the EXP1_complex dataset
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GT-Shapley
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Analysis for RSF model trained on datasetO
SurvSHAP(t) trend

Local accuracy measure
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v" Y axis: Normalized standard deviation of difference between black-box model output and the

explanation (lower is better).
v" curve for SurvSHAP(t) coincides with the x-axis

XAl. Medical, heart_failuredataset

Explanation for the selected observation
RSF model trained on the heart_failure dataset
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SurvSHAP(t) for the selected observation and two models
trained on the heart_failure dataset

Random Survival Forest Model Cox Proportional Hazards Model
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for predictions of the CPH model (top) and RSF (bottom)
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Cox Proportional Hazards Model
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v’ Colors are specifically sorted from purpleto blue showing global ranking of variables in each
model

XAl | | 2022-016

Global model SHAP analysis for disease state prediction with
sequential and compositional MLP model
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XAl 2022-047
SHAP summary plot for the XGBoost model
when there is spatial autocorrelation
when there is any interaction between variables
SHAP python package
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v Any interaction will appear twice and coloured by feature value noted with “*”, respectively
v' Ex: “X1* - X2” shows the interaction effect between feature X1 and X2 and coloured by the
feature value of X1
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XAl.

| 2022-098

Higher SHAP values correspond to an increase in the probability for the conditions to be slippery
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SHAP value (impact on model output)

25
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Feature value

Higher SHAP values on regression model correspond

to an increase in the friction coefficient
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XAl | | 2022-098

Local SHAP values for a prediction of runway surface friction at Oslo Airport
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f(x)=0.12

0 = Contam. Wet

§ = Contam. Depth

I = Airport Runway

0.2 = Absolute Air Temp.
1700 = Horizontal Visibility
I = Contam. Dry Snow / Ice
-11 = Dew Point 12h

0.8 = Precipitation Int. 1h
8.26 = Along Wind

-9.3 = Air Temp. 12h

141 other features

0.118  0.120 0.122

0.124 0.126 0.128 0.130 0.132

E[f(X)] = 0.133

Airport runway conditions
decision support system

3 Oslo Airport Runway West

1

ﬁ‘\Rm’lway Conditions

Slippery Sno
w

1 |
‘\&\Pmmbimy of Slippery Conditions %

60%

Slippery Scenario

Slippery Factors " High
S | ’ . ; - B Low
\ What Makes It More Slippery

Contamination Type Dry Snow on Ice
Contamination Depth 8 mm

Absolute Air Temperature 0.2 :C
Horizontalt Visibility 1700 m
Precipitation Intensity 1h 0.8 mm/h

EoEE

Braking Action

Poor

Poor-Medium
Medium
Medium-Good
Good

W[ |w || —

Non-Slippery Factors

® High
. s B low O
What Makes It Less Slippery /
Dew Point 1Zh =11 =C
Air Temperature 12h 9:C

Module 1 and 2 : output from classification model
Module 3 : output from the scenario model
Moule 4 : output from the regression model
Module 5 and 6: output from local explanations
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XAl | 2022-151
Global explanation as SHAP summary plot
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SHAP value (impact on model output)
XAl 2022-151
X-NeSyL (Neural-Symbolic Learning) methodology
New SHAP-Backprop training procedure
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Proposed new module
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Local InterpretableModel-Agnostic Explanation

(LIME)

xAl. 2022-183
LRP-Anchors-LIME
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Attack on LIME exemplified

Remove fzature,

% i ; [
2 The mmysrdos il ity halfpolineal S 5 Gpellticaly | L2 D meer e el il el T e
Untampered Non-robust Classifier Tampered Robust Classifier
= : =
2 P(take|x) (2 o P-(falc|x)
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0.3 — i e s —_—
e —_— 2 i 1
-~ - | ]
e e o L i0) L
2 a3 %o 3 N 5 3 ¢ / g, e g
@F_CT_‘* simple mode’, removing the feawre “political” (1) For a robust model, removing the feature “political”
(A) significantly decreascs 1, which changes the final decision. (B) deereases |, but the final decision ¢aes net change.

v" (A) LIME estimates the importance of input feature “political”by removing it from the input and
measuring the change at the output. In this case, due to a significant decrease in the logit value, |,
the classifier decision changes

¥v' (B) When tampered activation is used in combination with the robust model, XAl method is
fooled to think that the feature is contributing negatively, indicating a successful attack

Ilustration of Tamp-X methodology for attacking the XAl methods
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Local Interpretable Model-Agnostic Explanations (LIME)
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a Linear Model b Decision Tree ¢ Random Forests
Actual prediction: -0.21 Actual prediction: -0.42 Actual prediction: -0.25
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v LIME to explain variable importance at randomly selected local experimental site
(red point in panel)

Saliency maps

XAl 2022-066

Knee Osteoarthritis Severity with Deep NN
|

Automated Classification of Radiographic images
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XAl. | Medical
List of XAl studies that attempted to provide explanation for NLP-based healthcare applications
Author Objective Subject Application Data type ML/DL Classifier Technique Results
SEN:
o Online forum, ;
Ahmed et | mental health A, ; Attention R9.00%
al [54] fordiney | sl hs e L& PLETM. network ATTROC:
1neclin
0.58C
3Publc
Pimg — bt Chrieal AUROC:
e oMBO | MIMICATL M- | medical coding = . GRUI HI AN v
al, [81) clinical noies 1y 0.9y
RQ, M-
shiclding
medeal | Puiic MIMIC
= Clini 3 .
Husest it pradiction 1;]31?1 medical coding el . CNN Aiil:et:ltlm‘l AI[;EC(':;C
[83] i 371 notes layer |
STILUAIIEsS
Ext
XAl | 2023-150
List of XAl studies that used other methods to obtain saliency maps or heatmaps
Author Objective Subject Application l;;:: Data m:'ll:ﬂ . Technique Results
LT'wo dalasel
403
pediataic consolidation
Tiz et al. N 547 non _— f— Chest x . — SENE72.00%
0] ";JWMI“" consolidition Chs I Ty Sl KV AUROC: 0590
ABIICRES 2780 bacterial
1443 viral
1563 normal
Twn dafasct
deSais evalualion ol . 61 BE Oplical ACC. 57.00%
Tretal. RS fn =lsatlystape Oneolagy Tmage cohereie ResNethll Backpropagan SPE: R4.40%
; Banell's esoplizgeal lomwgrap un :
(1] SR SEN: 89.00%
esophagus adenocarcinom Ly
a
DeCrave COVID 19 faree Datascts e e Chestx DenseNet Bxpocted ; :
etal. [72] Detection 3,604 patients S Iy ray 121 pradients ALK DD
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Pacemaker

ATTROC: 0.890
Ghorhan | TP les-.aum 1,674,780 widen oo | Bsagline m—g—:ﬂi:]leﬁ
3 E;::J' cchocardiogta saJn}IJ,]ed & Yadeo graphy Resnct v1 oGt AUROC: 0.860
73] ms it -2 Left ventricular
by periroply
AUROC: 0.750
Cray matter
Web Diagnostic ‘2;:: :E}i:fj:
Chiggoe: | ysten foe 2885CZ SEN: 89.47%
Fhenoty, = cos Im SMRI DNN - SE
al. [74] =5 f:h?al;“% 244 normal o BN White matter
2 _dm_c ACC- 90 22%
Proria SPF: 91.73%
SEN: 89.21%
Visually
Gii Ll Tnterpretable importance
‘;;q,_ : Tmage 888 patients DS Tmage CT CNN estimation ACC: 82.57%
. Diagnwsis nelwork
MNetwiork
Public
COVIDx
Wang et COVID-19 266 COVID Chestx- o .
ol 7] S el CDs Image iy CNN GSl inquire ACC: 93.30%
eI
8,060 normal
. . ACC 9 10%
e?:]fl-;j}ﬂ CDC;;E;: 1,489 patient cns Tmage | ChesCT CNN CST inquire SPF: 99.90%
SEN: 97.30%
Teradilan . N . ACC: 80.00%
actal %Oelq?i" ‘:g COWB CDs Image ‘hesrx CNN Saliency SPL: 75.00%
[€9] chion 57 1w Ty SEN: 82.5%

XAl.

2023-159

Accuracy of saliency maps in highlighting shape oftarget objects
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Label: crater (1.00)
Prediction: crater (1.00)

()

XAl | | 2023-159

Comparison of the saliency maps in generating clear attention when
Contrast between foreground and background is low
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Label: icebergﬂ tongue (1.00)
Prediction: iceberg tongue

(1.00)

T P d >

(c) Integrae Gradient

XAl | 2022-115

Saliency Mapping with Hierarchical Perturbation
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------------ above-threshold region A threshold function determines minimum The perturbation kernel decreases in
perturbation kernel saliency for further perturbation. Regions size to generate a higher resolution
map update with local below threshold are not explored further. mapping for the most salient regions.

saliency / ya /

Saliency maps for the class “fork’.

Saliency map
explanations
for *“fork’

Model agnostic
(black-box) methods

Grad

GCAM MWERE

Surprising Variation In Maps Generated With Different Methods

Failure of Saliency maps

XAl | 2022-124
Example of failure of saliency maps to capture entire object class ‘clock’
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(d) SIDU (proposed )

(a) Original image b) GRAD-CAM

Saliency Learning

XAl | | 2023-030

Saliency learning

CNN with Kernel Size 3x3

~

, . L2...(@D,n . —
| ‘* "' |E Dimeusiirtl Eﬂx_—_p_ooljng
Sentence Input l :i:i‘;;i:"?': |= |..' i: o ‘
| R | — '
ottt 2 = s
| Convolutional Layer + ReLU {;;:Iﬂg ,-|=?: j =
\'_—_:—_T —————— =§ = i ' ;
-~ . — "3 = E
*1, ..., (@10 - J— Cl
Sy El | 7/ gy
| “': 5' ’ T i_ .II' o ‘ ’ [+
’ ; — 1%
| h'" L I;: i -}1} 4..4% |
el ¥ = oyt
W =
| Convolutional Layer +ReLU ~ Pooling | = Sequence max-pooling

i

CNN with Kernel Size 5x5

Saliency learning:
A phrase is fed to two CNNs with kernel sizes of 3 x 3 and 5 x 5.
Initial max-pooling operation produces an intermediate result
Result is decomposed by performing dimensional and sequential max-pooling operations.
Decoded output is concatenated and sent via a feed-forward layer—>
Final prediction

AN N N NS
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CAM

XAl |

2023-150

XAl models

(C} Optical Coherence
MRI, 1_ Tomography, 2 ~Oral images, 1

Confocal Microscopy -
Images, 1 y

Fundus, 1__

Dermoscopy image, 1

Corneal
Topography, 1_'./

chest X-ray , 9

Time-Lapsed
Colposcopic, 1

1D-Signal

Ultrasound, I—

Risk assessment, 1

Application

T|CDs, 23|

ECG, 2

(a )Sunburst diagram of Al models used in GradCAM studies;

First level represents the type of Al model used
Second level represents the type of classifier proposed

(b) Doughnut diagram of GradCAM-studied healthcare applications
(c) A pie chart diagram illustrating the type of dataset used in GradCAM studies

XAl. 2023-
151
Important regions for model labelling were highlighted using
Grad-Cam++, Eigen-CAM, Score-CAM, and Ablation-CAM
AAA->CNN-58-> BFit6.xA1.2022, 2023 910




XAl methods

Augmentation No Augmentation

Image GradCAM++ EigenCAM ScoreCAM __ AblationCAM GradCAM++ EigenCAM  ScoraCAM  AblationCAM

Non-Rejection

Rejection

v" VGG-19 models trained with and without synthetic data augmentation.

XAl | 2022-

CAM for a COVID-19 CAD model using CT imaging
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XAl | | 2023-155

Input images of the samples in an outlier cluster of the class horse (Top)
Superimposed attribution heatmap onto Input images (Bottom)

Input

Attribution
Heatmap
Superimposed

XAl | | 2023-155

Comparison of t-SNE embeddings of classes bird (left) and horse (right)

(a) Class Bird (b) Class Horse

XAl 2022-

Heatmap plot
Model: LightGBM; dataset: educational building

AAA->CNN-58-> BFit6.xAl1.2022, 2023 912




782 G8D
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cons_avg [ ONENIN I FWA (. cons_ava | S
Cons_1 Cons_l Il |
DOTW x Hall
THI Canz_7
Hour_x Hour_x
lemp Ih1
DOTW v » Haur_y i
Hour_y 2 DOTW_x 2
wCT = Hurr =
Cons_7 9 Temp =
Humi v ws e
Holi weT
Ws DOTW_y
Holi 7 Hoi 1
Holi_1 Hol_7
b} HIIIU I‘?IIIII 1‘1II'|.I 2000 )‘.IWJ ] 20 4o hary A0 I‘:IU” 1200 I‘.[?" INI(H.
msgances insarces
T8 =930
(a) 1% Semester (b) Summer vacation
XAl | 2022-152

Heatmaps for a comrectly predicted CLEVR-XAI-simple question (raw heatmap and heatmap overlayed with
original image), and comresponding relevance mass accuracy.

What is the material . GT Single Object
of the large block?

metal

Excitation Backprop [37] . 0.82

Counterfactual

explanations
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XAl 2023-026
CF explanation generation pipeline

for each feature in rule

Approximation:

+ Input: =00

Factual

Linguistic | |
[approximation
5-001

Linguistic | |
|approximation| | Textual explanation | ! Output:

Relevance estimation:
XOR

(Binarized) test instance

i 1| Factual explanation
Textplanning | | | forfactualclass F

major voting

XOR rule matrix

6=099 Sentence i [ Counterfactual

cF \ Qualitative
. " CF explanation rules
generation CF explanation rules
method?, ranked by relevance planning il explanation

Linguistic | | i | for counterfactual

|approximation class CFy

EUC
) test
ector Surface text

(Non-binarized) test instance
v 1
6=10 realization T i [ Counterfactual
EUC rule matrix N — L explanation
Linguistic | [ el i | for counterfactual

[approximation ¢ class CFp

GEN

Counterfactual

H explanation '
= Binary = Yes 1| for counterfactual
Initial 7 Elitist i ]
Fitness tournament Crossover I—-)| Mutation |—+| H class CFp !
population e tn selection jlL—ces=thn |

Quantitative

v

Shadowed building blocks influence the surface realization of the output explanation

t-SNE

XAl | 2023-030
t-SNE

200 = '
¢ ' "
= 100 E . '-J;J.'"""-‘
g 22 - i
" w elye ©
= g’
:g 9 L] E : .
i B2 e
A0 [r
[ . E4l '-"" LT . s
w - = w 2 b-i s HEOH.
-200 100 1] 100 -3 ] 3
E]] {b}
5 2
i g =
] ; ' R ouf
o - o
g s H se
K 't.; i "ﬁt—’
I o, | 3 O
E L= E N LI -
w 7 - w4 A e
A0 L
-4 -2 o 2 4 [ A0 -5 1] 3 10
(] (d}

(a) Mahalanobis, b) Cosing, ¢) Chebychev, and d) Euclidean
v t-SNE: Produces a graph with well-defined clusters and a small number of integer data points

+ To get a better separation

xAl. Medical 2022-
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t-SNE for a COVID-19 CAD model using CT imaging
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