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Conspectus:Al and xAl play pivotal role in the outcome of collaboration of top-class
(expert)researchers in science, technology, humanities and engineering.The break-throughs in Health
care, environment and defense sector change world scenarios and promote hope for prosperous, peaceful,
comfortable and happy human life on the lap of mother Nature.

xAl; The explainability in symbolic expert systems (likeMycin, Dendral etc.,sub set of Al-basedproducts)
dates back to early 1980s, the era of Buchanan &Shortliffe.

In 2015, DARPA (Defense Advanced Research Projects Agency), USA initiatedthe disciplinexAl
(explainable Artificial Intelligence)with a primary goal of enabling end users/stack-holders to better
understand, trust, and effectively manage artificially intelligent intricate systemsin civilian life and
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Défense operations. xAl-embedded tools/frame-works/products explain the inner process of a models,
methods, procedures, data-flows and output of the processes. In 2017, a 4-year XAl research program
began with multiple criteria viz. scientific consensus, medical reasoning, knowledge recall, bias, and
likelihood of possible harm. The evaluation by clinicians and non-clinicians from a range of backgrounds
and countries was planned. By now (year 2023) the state-of-knowledge-xAl outreached all portals of
Science/engineering/ technology with a promising future of knowledgeable society.

Application Disciplines of xAl: xAl encompasses now machine learning, NNs, Deep-architectures, Deep
learning and in future may be hybridized/integrated/fused or evolve into a new form in all rational
endeavours from sub-atomic to astronomical material scale and wide range of energy levels. The basic
disciplines with large impact of xAl are physics, chemistry and biology at macro-/ micro-/ nano-/
molecular-/ atomic levels. The applied and trans-areas of concern are medicine, Molecular/material
properties, environment, synthesis, proteins etc. The results (Fit: Figure Image Table Script .... Bases) of
typical case studies during 2022Jan to 2023June are documented.

Fit (Figure Image Table) Bases: In continuation of our efforts during last four decades in developing
intelligent numerical/ reference/ literal databases, knowledge bits, heuristic rules for hypothesis testing,
method selection in Chemical Speciation, Kineto-metrics, Enviro-metrics and Pisci-metrics, here passive
data base named Fit. Base incorporating information in xAl-applications is reported.

Med-PaLM2:1t is a Medical Large Language model(LLM)of Google. It is the first to perform like an
expert (85% accuracy) at the test taken on MedQA data set of US Medical Licencing Examination
(USMLE) style questions. This version has 18% improvement from the original Med-PaLM (short for
Pathways Language Model). It is also the first Al system reaching 72.5% score on MedMCQA dataset
containing Indian AIIMS and NEET medical examination questions.

Keywords: Modelling; xAl; Application disciplines; Medicine (diagnosis, treatment, management),
ASD; Mortality model; environment (pollution; water demand), Chemistry Molecular properties; fish;
Biochemicals;defence, manufacture/synthesis of chemicals, smart-materials, biochemicals/proteins/genes,
Nuclear power plant; Smart cities; Finance service; Health services; Education-Medical;

Chemistry

molecular properties

XAl I(T)O.XAI 2022-074
Input operated by Transformer gives Out with XAl methods

Schematic view of the XAl study
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XAl Evaluation Framework
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(A) XAl evaluation framework: different prediction models are first trained using state-of-the-art GNN
models, which are then interpreted through all XAl methods.
The interpretations are quantitatively assessed and compared with experienced medicinal chemists.

(B) XAl benchmarks including two particular subgraphs (two synthetic benchmarks), the conjunction of
multiple substructures, or a local transformation between two molecular graphs (i.e., property cliff).

(C) XAl-assisted fingerprints: the high-frequency key substructures predicted by XAl methods are
encoded as fingerprints to input machine-learning models for predicting properties.

Comparison of the XAl (CMPNN + IG) method with medicinal chemists
Accuracy on the hepatotoxicity dataset along the predicted confidence score
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(a) Stanozolol b} Norethandnalone () Sudoxicam {d) Milutamide

Ground-truth @m_m \%ﬂ Q“% M
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(A) XAl or the working years of medicinal chemists (MCs)
(B) Precision-recall curve

(C) Attribution accuracy for identified substructures

(D) Attribution precision-recall curves

(E) Identified substructures by XAl and MCs

XAl | | 2022-074

Performances of Morgan-FP, Morgan-FP + MACCS-FP, and Morgan-FP + XAI-FP by
random forest
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(A) The AUROC of three classification tasks.
(B) The R2 on two regression tasks (IGC50 and LD50).
(C) The AUROC values on the OGB-HIV dataset by Morgan-FP and XAl-assisted fingerprints trained
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with different sample sizes

XAl | | 2022-074
t-SNE Visualization of Benzene dataset
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v’ Visualization of Benzene dataset. The embeddings learned by CMPNN+IG over the

Benzene dataset shown by t-SNE, together with representatively 3 benzene and 3 non-
benzenemolecules.
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The predicted substructures by representative combinations of GNN models and XAl
Methods
Ground-truth CMPNN+IG Grath'ET—'—IG G‘raphSAGE-'-IG GATHIG

O O O IR
o |
B 8 [ % 8 [ 8
S | | e | ey

AAA->CNN-57-> xAl(Bfit) 2022-2023 783



BiO-Chemical factors in
fish

XAl | | 2022-005
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XAl Fish 2022-

Modeling bioconcentration factors in fish using
xDeepLrn
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Input SMILES
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Sensitivity scores for example molecules known to be readily metabolized
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2-Naphthyl disulfide
logBCF = 0.74
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Environment

XAl | Env, Temp

2023-067

Flowchart of methods for one month ahead prediction of air temperature

ERAS Reanalysis data

Area of study

Southern part of the Iberian Peninsula (Figure 3):
* Latitudes range from 36 00°N (o 38.75°N
= Longitudes range from 9.50°W to 0.25°E.

480 reanalysis nodes:
» Spatial resolution: 0.25%,
= Temporal resolution: 72 years (1950 to 2021)
= Monthly averang data.
* Time series of 5 reanalysis variables in each node

l

T T Y
(‘selection of land-surface '

geographical points

270 reanalysis nodes are
selected from the original
set of 480 nodes.

g

___ |

Datasets building

= Train: B0% (57 years: 1950 to 2006).
\- Test 2066 (15 years: 2007 to 2021). ]

\_ (Table 1) J
J
e "\
Alr temperature Data dimensionality reduction
} time series of the
train dataset Sat of 25 informalion-rich features:
* catch22 technique (22 features),
* Wariance.
+ Skewness coefficient,
= Kurtosis coefficient. /
b8 =

Clustering assi

270 reanalysis nodes (Figure 5)

Information-rich
features
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Hierarchical clustering

Dendrogram (Figure 4).
Selection of optimal number
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datasets (one for each cluster),
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\yariables described in Table 2./
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Avrchitecture of the ANN regression model
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Graphical representation of the observed air temperature values (purple) and the predictions
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SHAP value (impact on model output)
5. Variable Source
MNao.
1 Landcover Ministry of Environment. Korea
2 Elevation Ministry of Land, Infrastructure and Transport
{MOLIT). Korea
3 Soil Depth MNational Insttute of Agricultural Sciences, Korea
4 Soil Drain MNational Insttute of Agricultural Sciences, Korea
5 Surface soil MNational Insttute of Agricultural Sciences, Korea
texture
(5 Forest Age Korea Forest Service
class
7 Deep soil MNational Insttute of Agricultural Sciences. Korea
Texmre
8 Timber Korea Forest Service
diameter
g9 Tree Types Korea Forest Service
10 Forest Density  Korea Forest Service
11 Topography Ministry of Land, Infrastructure and Transport. Korea
12 Lithology Korea Institute of Geoscience and Mineral Resources

(KIGAM ). Korea
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XAl | Env-water demand 2023-052

xAl-Framework for analysis of factors driving water demand
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xAl. Time series data, Env, PM2.5, PM10 2023-022

Belief-Rule-Based (BRB) architecture
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Steps of a BRB Network
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XAl | Rock samples, Env | 2022-118

Three classifier network variants
Transfer learning with Renset50
3 CLASSIFIER NETWORK
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1
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XAl | Rock samples, Env | 2022-118

Categorisation of one instance of the granite images
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Input Image Expert Features Activations Weights

Presence of Crystals

Average Grain Size

O

LTTHIRITIY

— Z(Activation x Weight) + Bias = Granite

—— a e 5.
Heterogeneity of Grain Size

Roughness
Degree of Foliation
Degree of Banding

Bubble Size = Feature Node Activation Value

e.g. O =731 0=0.13

=) Green = Positive Weighting
) Red = Negative Weighting
~ Width = Absolute Value of Weight

Lightness of Colour
Brightness Heterogeneity
Hue Heterogeneity
Density of Vesicles

Glass-like Texture

Presence of Angular Clasts

000000 (0O

| Presence of Rounded Clasts

v’ Surface area of a bubble: Activations of the Resnet50 transfer-learned expert-abstracted
features

v' Width of the arrows: magnitude of weights applied to these feature activations green arrows
indicating positive weights and red arrows negative weights

Nuclear power plant

XAl | Nuclear reactor 2023-039
Interaction operation mechanism of a real-world NPP and its digital twin.

Decision-making

Control support Simulation system
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Real-world Di#’rla!%af
nuclear reactor the nuclear reactor
DI: data interaction
XAl | Nuclear power plant | 2022-

Structure of diagnostic algorithm in the RIDA
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(Reliable Intelligent Diagnostic Assistant)

Real-Time Input Data
[Raw Data]

Data Preprocessing Function

| Raw Data |

Selected Raw Data |

Time Series Normalized Data

|

Training Status Diagnosis Function
[GRU-AE]

Trained
Condition?

Scenario Diagnosis Function

Dellvery of diagnased scenarin information

Diagnosed Scenario
Verification Function

[GRU-AE]
l Model 1 ‘ ‘ Model 2 |
‘ Muodel 3 ‘ ‘ Model 4 |

Condition?

- Diagnosis Failure
: [Operator Call]

h 4

L J

Symptom Satisfaction
Evaluation Function

Diagnosis Evidence
Derivation Function

[LightGBM] [Rule-based system] [SHAP]
‘ Scenario | [ | Scenario 2 | Rule 1 ‘ ‘ Rule2 ‘ Evidence 1 ‘ ‘ Evidence 2 |
‘ Scenario 3 [ ‘ Scenario 4 ‘ Rule 3 ‘ Rule 4 ‘ Evidence 3 ‘ Evidence 4 |
XAl | Nuclear power plant | 2022-

Structure of data preprocessing function

Real-Time Input Data
[Reawe [iara)
(2,222 variables)

+

!

}

Feature Extraction

(2223 —= 117 wariahles)

Feature Extraction

(3222 — 137 variahles)

F

Min-Max
Normalization
(For 137 varsables)

Tune Series
Data Stack

(Sliding window: 5 seconds)

¥

Raw Data
[Rule-based system]

Selected Raw Data
[LightTGBM, SHAP]

Time-Series
Normalized Data
[GRU-AE]
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Example of the pop-up window in diagnosis evidence derivation function interface

Disgaotis Evidence Devination Fanction Resalt l
Mais evidence for diagnosis (10%7) —
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(a) Graph pop-up window when clicking diagnostic evidence variable (compared with normal operating
condition);

(b) Table pop-up window of entire contribution percentage in diagnostic evidence variables;

(c) Pop-up window for providing evidence of undiagnosed scenarios (undiagnosed scenarios are selectable);
(d) Graph pop-up window when clicking undiagnostic evidence variable (compared with selected undiagnostic
scenario) Interface result for scenario of PRZ spray valve opening:
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L —— (€) o
Tiame and NPFs Foner [1] PRZ SPRAY VALVE POSITION. (0~100%)
Time : 50 sec Pewes  SL310 "
Truining S1mrur Diageachs Funotisa Resulr )
()| T e
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Procedure’s Libal: AR Seanany's Nt Ohpeamang 6 PRE ey vl J9E.58%] o
(¢ Dugmer future [2] PRZ BACK-UP HEATER STATUS(NOFF. 10N}
Symptom Salifaction esaluaton Fuscien Bealn ¥
Dkagreouss R : A1 11 Oy of PRZ spray valn — Symmptoraa: 4 of
I Prossine spony vabes ope andication and sian andeater O — [préer to gagh 1) 06
(1)} omseun st
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= s [4] PRZ LEVEL
= s
— LA i
Cveeall Fradencs Table. Frutmes for srariacted dammazey ity = v b4 L o T
Sten Loy
(a) The result of training status diagnosis function;
(b) The result of scenario diagnosis function;
(c) The result of diagnosed scenario verification function;
(d) The result of symptom satisfaction evaluation function;
(e) The main symptom variables of symptom satisfaction evaluation function;
(f) The result of diagnosis evidence derivation function
Overview of the log system:
8 Log Display - m]

Stable State

Time: 93ec, Normal openating condition [98.95%]
Stable Seate

Time: Sssc, Diagnosis Svecess

Stable State

(C)

Log Update
Time: 30sec, Diagnosis Failure
Wamning Diagnosis Failure

Training Status Plot / x-axis = Time / y-axis = (: Trained, 1: Untrained

Log Update

Time: 31sec, Untrained condition

Wamning: Untramed Condition

Log Update

Tume: 32sec, Faibure of SG water level channel (High)
[97.86%)

Abnormal operating condition

Log Update

Tume: 34sec, Normal openating condition [20.81%]
Stable State

Warnmg: The probability of diagnosis 1 low

Log Update

X-axis = Time / y-axis = Scenario Label

Tune: 36sec, Fashure of SG water level channel (Low)

[58.05%)]

Abnormal eperatiag condition

Log Update

Tume: 37sec, Failure of PRZ pressure channel (High [93.11%)
Abnormal operating condition

Log Update

Tune: 39sec, Opemng of PRZ PORV [95.17%:)

Abnormal operating condition

Log Update

Tume: 42sec, Fashure of PRZ pressure channel (Low) (83.08%)

Verification Result Plot / x-axis = Time / y-axis = 0: Success, 1: Falure

Abnormal eperating condition

Waming: The probability of diagnosis is low

Training Status
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(a) Update contents;

(b) Collected results of the training status diagnosis function;

(c) Collected results of the diagnosis scenario function;

(d) Collected results of the diagnosed scenario verification function

XAl | 2023-030

DKNN
& (a)DNN
& (b) Output representations at each layer
&8 (c¢) Nearest neighbors at each layer
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____________
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(b)
fE/ ﬁ A “"{)}1 Conformal
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ﬂ ‘ E f‘f*ir Nonconformal
bR I i

(c)
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Infuse—Feature insight

| Sortbyname | | Sortby selection | Terms from pages mistaken
9l ]
IS)GLQIM FILT RATE, EST = 3ccesso
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PGLUCOSE = shoes
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CAGLLCOSE, 172 HOUR == SeTICE
(JGLUCOSE, 2 HOUR

LUCOSE. 3 HOUR w suil

LUCOSE, TWO-HOUR POSTPRANDIAL
§EMOGL051» AIGHEMOGLOBIN.TOTA « workshop
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WAANTIHYPERGLY, (DPP-4) INHIBITOR & BIGUANIDE COMB.
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"l IHYPERGLYCEMIC, DPP-4 INHIBITORS
THYPERGLYCEMIC, INSULIN-RELEASE STIMULANT TYPE - price

TIHYPERGLYCEMIC, INSULIN-RESPONSE ENHANCER (N-5)
THYPERGLYCEMIC BIGUANIDE TYPENON-SULFONYLUREA) < gift
AFANTIHYPERGLYCEMIC INSULIN-REL STIM & BIGUANIDE CMB
YFERGLYCMINSUL-RESP.ENHANCER & BIGUANIDE CMB
CDIGITALIS GLYCOSIDES
* Prim Open Angle Glaucoma
* Hypoglycomia NOS
o= Abn Glucose Tober-Dabiv
% Abn Glucose-Antepartum
& Fure Hyperglycondemia
:Auwmm Glucoss NEC

specials

basket

W

=== bikes

== account

Instance Flow

Dprnaares Cormpme View | IARENSTE ruce (00 . nugss (g 238 tmam

XAL. 2022-

VA tools for understanding architecture of NN models
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Attribution Graph View v
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Data representation through scatterplots supported by dimensionality
reduction techniques

Chesarg #1

(b) ClusterVision [96] (c) RetainVis [59]

Examples in illustrating NN structure, neurons and hidden
layers
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{a) CNNVis [5] (b) ActiVis [1]
id R
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: W N ew (% w b
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(c) ReCAVNN [9] (d) CNNExplainer [45]

Sy

o
) ([ S b il
L1 N o ('J" e - :mlunrmm-mIMIm--_cuuu
e AL _JAJN hoied + S 7 S 3T
(e) Deepvix [53] (f) LSTMVis [8]

Customized performance comparison view: ComDia+

Summary of visual approaches adopted by visual interpretation papers
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Visual
approach

Papers

Actual data

LSTMVis [8], REMAP [55],
CNNExplainer [58], CrossVis [50],

Data
! DeepCompare [51], Squares [53],
representation TopoAct [66]
Scatterplots ActiVis [1], DeepEyes [G0],
RetainVis [64], Summit [65]
DAG ActiVis [1], CNNVis [5]
Architecture Node-Link ReVACNN [9], Summit [65]
understanding g i
Heatmap + PCP LSTMVis [8], CNNExplainer [58],
DeepTracker [61], Deepvix [62],
Customized ActiVis [1], CNNComparator [48],
Performance visualizations ComDia+ [49], Squares [53].
analysis ConfusionWheel [54],
Traditional ReVACNN [2], REMAP [55],
visualizations CNNSlicer [56], CNNPruner [59],

Deepvix [62]

VA tools for both instance and subgroup level explanations by
LIME method

St . [ [N — (EN
LG I
VP4 ENI AP ¢
IR IRAC I AL AR AL AE AR IR - e
o490 dyg s gyyue 2 Vet
£ 4 mageel o4 09 k454 vl interpratation
LR AT I AT BN ] framm the
AR AT A IR 3 Student  38%ced
RIGY 9 YN Y &Py JsTees
94929995y F9 TG Hp— B
B &4 FFR Yy YL o8 l ;
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LAE A% S AR A% EE A1 3K 3% 25 IR AN | 2H0T
URE BE IR SURE B SR U0 A 129108
Srav T r sy ey w : —
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(a) DeepVID for individual instance-explanaﬁons
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@ 1 1 L mo |
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.l . B :
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(b) SUBPLEX for subgroup explanations

RuleMatrix: If-Then rules visualization in a matrix form
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Data representations through scatterplots

(a) DeepVID [72]

mmalignant = benign
Widih reproseonts

._.-i‘_ the amount of data
“]—GCHOI’ ancodes.
II ‘ i labal

iw—' ~—Each box represanis
-\ﬁdmjﬁlnn al & rule

L

[ PN

I._\

B,

:- e The amount of data
I satistying the ruls

(b) RuleMatrix [73]

XAl examples
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Study Dara representation Local explanations Global explanations

Acrual dara sp 5D BC BDI [leatmaps (4] rcr I1 Matrix o

ExplainExplore [71]

SUBPLEX [87] v
MELODY [86]
explAlner [¥5]
RuleMarrix [67]
DeepVID [72]
Krause et al. [84]
iForest [68] v
Li et al. [73]

Botari et al. [75]

Haprista er al. [/Y]

So [83] v

Lamy et al. [80] v v
Cho et al. [ul]
Lauritsen et al. [88] v v v
J- Li et al. [81] v v

Kim et al. [7€] v v

v

LR
SN NN
X:
AN TR RRx
< <
AN
< <
<

g

<
2%

SP: Scatterplot, SD: Sankey Diagram, BC: Bar Chart, BDP: Breakdown Plot, H: Histogram, O: Other, PCP; Parallel Coordinate Plot.

XAl 2022-061

Comparison of prediction performanceMetrics:
MAPE, CVRMSE, and NMAE

A 1Bl rm s A S e e e e R

Percentage (%
5]
(=]
[=}

i
o
=3
'
1

0.00

MAPE GVRMSE NMAE
FPerformance Metrics

mTao's MLR ®Huos SVR mHuo's RF B Nemeth's XGBoost mMNemeth's LightGBM ®Park's DNN ®Ours (LightGBM)

XAl. | Mortgage industry | 2022-067

Trust in the model, explanation satisfaction
? Proposed explanation would help the reviewer complete their task
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Statement

Trust in the model

1 - I trust the explanation. 1 feel like the model is working well.

2 - I like using the explanations to make decisions.

3 - I feel like 1 will make the comect decision only using this explanation.

Explanation satisfaction

4 - The explanations make me understand how the model reaches its judgement.
5 - 1 am satisfied with the explanation.

6 - The explanation is sufficiently detailed.

7 - The explanation on how the model works seems sufficient.

8 - The explanation of the result tells me how accurate the model is.

Performance

9 - I reach a decision quicker because the case has an explanation.

10 - I am able to make a better informed decision because the case has an explanation
11 - 1 find the addition of combinations of risk indicators to the explanation important.

Median degree of agreement

Agree
Agree
Neutral

Agree
Agree
Agree
Meutral
Agree

Agree
Agree
Agree

Activity diagram of MLX1(SHAP and Anchor)

[ Receive |
.—» mortgage

application |

k. BPERSON

r Generate Al Interpret
explanation | explanation

| mode | reviewer

g [ T ) | 1

high fraud risk

Y

no fraud nsk @
fraud risk

.

1
Score application N _
| [maodell TN _Aow fraud risk gl P
N o

Pass to fraud
department @
[reviewer] =

XAl.

| 2022-

Input image

Bassoon

1he model saw 2 Bassoon and it is not consistent with the observed properties.

The following properties are inconsistent
+ Not hasMechanism Keys
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hasApparentStrings | hasMechanism  hasMouthpiece

¢ Green bar: the system has decided the property is present because it has a

probability higher than 70 %.

s Red bar: the system has decided the property is absent because it has a probability
lower than 30 %.

s bar: the system could not decide about the presence/absence of this
DIOpETTY.

XAl. Education

XAl | 2022-172

xAl in Education

\ e .

L
%
e
\ e
| [+]
%

{Explainable  AlRSEE
imyE ducation
Cognitive and
Learning
Sciences

Learning Analytic®
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The XAI-ED Framework
Who are the main

‘What Al models are
stakeholders? What approaches are used for commonly used?
LA, et LARCHUNS, What patential pitfalls need to be considerad? penscuill Bxplormtions] e M sy,
technalogists, educational P e Glabally self explaining like feature decisian trees, rule-based

researchers, educational or bicemplte: e ations. iconeptioni: relevance or wxample based; .|Ul:I||¥ medels, clustering and natural
admins and policy makers peameting misbehaar. self explaining like comparison

language processing.

based or counterfactual examples.

What are the main benefits?
Agency, student-teacher interactions,
Al literacy, accountability and rrust.

Users

How can educational Al tools be effective designed?
Using user experiences, theory driven design, centered design,
participatory and co-design, HCl and interaction design. Al interfaces

Al Models

Educational Al systems

xAl. Medical

XAl | 2023-141

Smart Health Care System in Smart Cities

Sensor based
patients clata

1§

Updale palienls

slalus
R
Emergency s - - ==
Mediesl ;—"; 1 I
2151011 -
Services X é ' * 2
511111\3;1. ¥ - K
7
Scnsor based
natients data = Prescniplion
o @ smart Heatth |8 e
- - -y — System g -
Prescription Decision

support AL

Radiolo Test from

g5t : * =E Prescrplion
decision snpport system 4 Z
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XAl 2022-045

Three dimensions (Global, Local and Visual) of XAl methods

Local Interpretation R
i Reason: Paws, Claws

Visual Interpretation

@0

IF: F1=small legs, F2=
small nose, F3= 250
Black box bones Then Result= Cat
IF: F1= black & tan
colour, F2= fur, F3=
65cm height Then
Result= German Shepherd

Global Interpretation

DNN Model

A man in a jacket standing at slot machine

XAL. 2022-103

xAl, Classification

Functional Archetypal Post-Hoc

Perturbation Decomposition

Trained Model

Input Random
Xy ko ] LT Initialization
. ¥
’ —_— ki 3 vy L
\ i
% Cawe  awe j . v %
¥ X 4
: . Y Xy hy 7 4 3 e
IDI I’M J° . "W i 4 hm 1 N . o »
i y ‘
X, —Pp 7

) 4
— e Bt g
—
&
&

h(0, x)

¥ — .
o - X5 = argmax, g\ x=p M

& &
() A

Trained Model E Trained Madel

Perturbation

of
— x x relevance
ox

(A) Explainable Al methods taxonomy.
I (B) Functional approaches attempt to disclose the algorithm’s mechanistic aspects
(C) Archetypal approaches, like generative methods, seek to uncover input patterns that yield the
best model response.
I (D) Post-hoc perturbation relevance approaches generally change the inputs or the model’s
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components and then attributing relevance proportionally to the amount of the change in model

output
I (E) Post-hoc decomposition relevance approaches are propagation-based techniques explaining

an algorithm’s decisions by redistributing the function value (i.e., the neural network’s output) to
the input variables, often in a layer-by-layer fashion.

XAl | Med | 2022-103

xAl-Med Images

A B . e
Study characteristics XAl in medical imaging

Perspective and review
* XAl methods
* XAl in medicine

XAI: Theoretical concepts
1. Perturbation methods
1.1. Gradients
1.2. Signal

1.3. Model agnostic
2. Decomposition methods

-

14%
17%

XAl in medical imaging
* Neuroimaging
Radiology and oncology
Treatment monitoring
Histopathology
Molecular structure

(oF General overview: XAl method, trend, imaging modality and sample size

Imaging modality
EEG

fMRI

MRI

CcT

Other

Sample size (log)

0
5

10

.

[ 4
. ®
Gradients e’ e " » .20

T T T T T T T T
2014 2015 2016 2017 2018 2019 2020 2021
Years

Decomposition - <

Model agnostic .

Signal - & (]

XAl methods

(A) Categorization of included studies

(B) XAl in medical imaging

(C) bubble plot: studies by type of XAl method, imaging modality, sample size, and publication trend in
recent years

XAl | | 2022-103
Co-occurrence network of the commonly used words in reviewed studies
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XAl | Medical | 2023-150

Schematic drawing of cloud system for ambulatory and hospital settings
Patient cutcome
Hoszpital management

EHR/EMR
Clinical trial data

Ambulatory | Hospital i
' o
=)

Al prediction models

+

XAl explanations

Survey data Cloud computing
Genomicdata
1D Biosignals

Medical imaging
Clinical data

Patient monitoring
wearable devices
Precision medicine

Clinical decision support
Surgical risk assessment

Medical
research

XAl | Medical, Emotion | 2023-161
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i
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Rejected Calm

2D VA emotion model

AROUSAL
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~Furious | Excited
High-Negative : High-Positive
L] Annoyed Delighteﬂ |
[ Angry Happy
. |Disgusted Blissful
{Negative) | 1
VALENCE Neutral - VALENCE
1 1 e
Rissapointed Cantent/ (Positive)
L Sad Pleasure
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< w
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AROUSAL
Plutchik’s wheel of emotions .
2D VA emotion model

xAl. Medical, Emotion

2023-161
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" Positive and Negative |

] Alect Schedule | PANAS)

‘E 7 Self-Assessment ]

5 '\ Manikin [SANM)

£ " Photographic Affect

z - Pletmr {PARA) ..eJ

L= T Experience Sampling .I
__ Methods [ESM}

R : Facial expressions _:I

P ;

1. Speech J

{ Ge stures j

: Body posture l:l
—_— o

f y [ Electraencephalogram |

[EEG) A

:-Ele-l:tm-ta;dhup'm {EI:-E]-II

£ i Respiration ]

% Skin temperature _j

= r-ﬁahi-__r_ﬂF'_jE;i—E-pD-__ﬂi_ﬂ-'l

= ! {55R) ]

Photoplethysmeogram. |

Eye Tracking (ET) _]

Branching representation and classification of emotion sensing techniques

XAl | Medical, Emotion | 2023-161

___Source . Stimuli Inputsignals  Feature extraction
if EEG \E if. Virtual reality \i L E“u;:;\f““ 'l f o LI
i ] ) ! | =Y EY - B i
= | W e | EHENENE Preguee |
| Face L ] : ey 8 Bl Time-frequency |
{Spocch—1 g 1 W] Gomes | L B o I domain |
H } Y = 1 =} — onlinear .

: —L; [ e AR BT decompasition ||
L S | ﬂ Audio/Video | Galvanic din responss U} ! AEntmpy features |
] | | | 500 6 B9 =L g
A ! iﬂ Video | Hla i b dimensions |
' i . ! e e T T i i ]
i fs_f______ ________ } I‘n_’i____ff'_n_ ______ ! \_ Hactrosncephsiogram *'_';fg!
{ ! e T Principal}
h | i 1 | 1 ent |
: ! i | i analysis i
i | i | i Statistical i
i _ Dominance | | Kappa Specificity | i snalysis |

' ' ! |
wls | False False | X ) i Feature |
- | il | positives negatives | = ) )Y 1 selection |
L ] 1 s ] ! o8 (it = algorithms |
; Hentesy - 1t 9,9 S —
I " ok | bbb (LY i | \é, ptimizal °"ji
;. - ﬁ i ! | Machine learning | Il | bl“serl?;ﬁl: ,:
Output Model evaluatio Classification eature selection

Work flow in an automated emotion recognition system
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XAl | Medical, Emotion 2023-161
i Identification of studies from databases and registers =
Web of Science; PubMed; MEDLINE: Inspec; Other
Total (14257)
L2 = - £l i v v
Records identified|  [Records identified| [ Records identified oth
through Web of through PubMed | | through MEDLINE and 205"'5”
Science (8485) (2285) | Inspec {1452} ; (2055)
) I ; 1 ; [ 7
-E;- ‘ Records Screened Records removed before smenlﬂg]
l Total: 3845 M Total: 10411
'Rzepnrts sought for [ Reports not ‘ ( HR [:D';:?ls;;:mo
retrieval 4> retrieved .
Total: 968 )] Total: 102 R’Wd:;::::':;;r%m’
L 'Records removed for other reasons
Reports accessed S [Total: 253)
for eligibilivy Re";x:j::;ded
Total: 866 !
Reports accessed
Reports excluded
for eligibility ——— = :
Total: 234 jetat 2 ]
i W T o T _
( AR Non Journal Articles
Studlies ‘n'clf"ded in the Articles outside search criteria
ki Other physiclogical detection
Total: 142 4
PRISMA guidelines followed during the selection of the articles
XAl | Medical, Emotion 2023-161
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Distribution for emotion recognition studies using
EEG signals

CHNHSTM, 1
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Distribution for emotion recognition studies using
ECG signals
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XAl. | Medical, Emotion

| 2023-161
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Graphical representation and summary of included modalities emoti
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Emotion-based automated disorder detection system

xAl. Medical, Emotion

2023-161
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Taxonomy of information fusion

XAl | Medical, Emotion | 2023-161
A. Traditional ML model Task s Why did you do that?
‘ /J_ o & Why not something else?
y 4 b *  When do you succead?
Training ML Learning \ »  When do you tail?
data = | model | | function 4( A | *  When can | trust you?
\\ /// * How to correct an error?
== LLes
B. XAI models iask oy hswwhy
/_L‘\ * | understand why not
f./ ‘\\ * | know when you succeed
Training | ML == XAI XAl i L ] * | know when you fail
data model model | interface Sd). [FRN oG s dnist jon
\ ./ Tknowwhen you errored
== lser

v Illustrative representation of XAl model
v" (A) Traditional ML model (B) XAl model with explanations

xAl. Medical, Emotion 2023-161
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A. Traditienal ML
model

o

Choose one
parameter value

5
g \
/ \ B. Uncertainty quantification

of the model

~

Uncertainty
gquantification

Model — M

Distrib utlon>\ A
parameter values

e
Model

v" Uncertainty quantification of deterministic model

(A) Traditional model with fixed parameter setting; (B) An UQ of the model with distributed

parameter settings

XAl | Med | 2023-137
Architecturefor ASD
‘ Machine learning
Dataset Models
s;r!cl ::> Classification Training Dataset Machine Learn;ng Models
characteristics (Funcnon' l
Connectivity between ! M
ToM & DMN areas) ! % Sy
) L
Deep Learning @ Testing Dataset l
Model Model Traning
=
Feature
Explainable @
— Artificial
X1 } Intelligence
7} ( \ Expl\‘;m:uon]
— e Support
- , z
3 } ioulpul isualizatit E o Ex;::;ion i
nput Values  Input ouput uyer i s I Support | |
Inp it Val Layer & / Integrated
Hidden Layer 1 Hidden Layer 2 te—1 E)ﬁ)’lgit:::::)n H
Explaination Layer Support i
XAl | Med | 2023-137
ASD Classification
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[2]

Functional Connectivity
Matrix

[¢]

Template Eigenvector

ﬂ&@@@

fMRI Images

MRI Time Series Extraction

Contrastive Variational Autoencoder Model

Shared Features

Explainable Al Model | M ﬂ
= 7= ¢ ;Ui
. <:: = ASDSpemﬁ:Fealures

|

T
Ser

Machine Learning Model

[ ey -y
."—H JKI. '," :-.,,\

Prediction  Multiclass Connec(ume

Prediction Based @
Prediction [ ASD- | - PN
Modeling IEI | Group :'l}, ® 3 o
H H \ LD ; s
ASD "’ i Subgroup Identification within Funcug:gé:g:cuvny
"' 1 ASD Group using Clustering for Each Subgroup
e
Importance of Features underlying
classification of ASD and TD
A B ——-4-—-* High
o N R
- o g
LAG -- Precuneus *—-.----- - .- g
pcc n RSTS *.._—.... A S
= Class 0
Precuneus Il mmm Class 1 LAG -‘ Low
0‘0 D{l OIZ 0'3 0‘4 0‘5 - A:I;;;Dmmr;\;;lue o
Mean(JSHAP value]) (average impact on model output magnitude)
xAl. 2023-158

Kidney disease chronic
21 Evaluation metrics and 3 classification models
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Decision Tree Higher score
TmFpraines[independent!. . . . . . . . . . . . . . . . . . . . . .
oo [l Il A AAEEEEEE NS EEEEE B
s« JJJll mEEeEEBEEBEEEEENE==eenE EH B
kemeisirroomeanct - I = " il Bl BB =" lB=-=0 H 1
IME 100 ..--llll...lll-"l u =]
mean|TreeExplained}) . . ] . . . | . . . .
Gain/Gini mportance [ O BHEE= HEEE =
random [ a
Ramdem Forest [ ]
Irﬂtxp-lain&[lndrpendtnti..................... [ |
acd 1 1 1 1 R R R RN R RO R R R RN RO I B
«llll HEESNEENEEEEENEENEN:-=-= ,
kenelstiroemen< I I NIl @ s I BB BEEBEEEEENE =8 ' & =
IME 1000 ..ll-.l.....llIl" © v lowersoore
mean||TreeExplai ner) . . . . . H=n
Gainfﬁinilmpﬂnanne. BEBR H N
Randam . m 0 LSRR
Gradient Boosted Trees
Trceixplaim:r.....................
eatleaad | 1 1 I R R AR R R AR O RRRRRND
=JH HETINENEBEEENEEEENEN-=-=
Kemel SHAP 1000 mean ref. 1 . . . . . . . . . . . . . . . . . . g =
IME 1000 ....l...........-'
mean([TreeExplainer} . . . . . | BLEN |
Gain/Gini Impartance . . . . . T
Random . - = u ] u ]
v’ TreeExplainer outperforms previous approaches
0 Notonly by having theoretical guarantees of consistency,
O Butalso across a large set of other metrics (Methods 11).
XAl 2023-158

Mortality model
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Global feature importance

Mortality model

Local explanation summary

tA} High
Age
Sex (F/M) R
Systolic blood presssure .
White blood cells
BMI
Sedimentation rate s g
Blood albumin E
Alkaline phosphatase g
Total cholesterol ‘g’
Physical activity affe— w
Hematocrit 4 p—
Uric acid o —
Red blood cells
Albumin present in urine —
Blood protein ¥
T T T T T T T T T T T T T Low
0.2 04 06 08 1.0 -2.0 =15 =10 =05 0.0 0.5 1.0 1.5
mean(|SHAP value|) SHAP value {impact on model output)
(log relative risk of mortality)
Mo Lalily model
® © L]
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Srsluhc buwd pesaz inonHa) Syzledn Lloed presswr e biosaHl Symlulic Ll pressue oyl
Kidney mocds Mortality model
{El ® G
& DaE
£ H FEC T
. g, 0 |
LPE »E 230 & | 8 ‘ E
si: [ Fliia '"”I‘ i ||||| .
fee wg ﬁﬁé sae i EE? || “ e [
3f3 Pl ™ i1 |
i E -041 EFE - || i
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» # . 20 "I
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v’ By combining many local explanations, we can provide rich summaries of both anentire model and

individual features.

(A) Bar chart (left) and SHAP summary plot (right) for a gradient boosted decision tree model trained on the
mortality dataset. The long right tails in the summary plot are from rare but high-magnitude risk factors.
(B) SHAP dependence plot of systolic blood pressure vs. its SHAP value in the mortality model. A clear interaction
effect with age is visible that increases the impact of early onset high blood pressure.

(C) Using SHAP interaction values we can remove the interaction effect of age from the model.

(D) Plotting just the interaction effect of systolic blood pressure with age shows how the effect of systolic blood

pressure on mortality risk varies with age. Adding the y-values of C and D produces B.
(E) A dependence plot of systolic blood pressure vs. its SHAP value in the kidney model shows an increase in kidney
disease risk at a systolic blood pressure of 125 (which parallels the increase in mortality risk).

(F) Plotting the SHAP interaction value of ‘white blood cells’ with ‘blood urea nitrogen’ shows that
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high white blood cell counts increase the negative risk conferred by high blood urea nitrogen.
(G) Plottingthe SHAP interaction value of sex vs. age in the mortality model shows how the differential risk of men
andwomen changes over their lifetimes”

XAl.

| Medical

| 2023-039

Workflow of Medical Image Classification using Few Labeled Images and Explainable Al (XAl)

XAl
Approach
I | l

Progressive Inspirational Tile Biopsy
= GAN GAN Classifier Classifier
o u
§ -% Real Synthetic Annmotated Synthetic Performance Comparisgn BJEDSI—'WE! rejection burden
8 w Pathology Pa‘tho.lcgy No Synthetic | with S!mﬂ‘I?liG _;‘*
m E> M Augmentation | Augmentation i

Tile P(rejection)

Pathology Subspace Elucidation

3

Saliency Analysis

Biopsy Rejection Heatmap

e

L s

Overview of our approach to generate explainable clinical decision support tools for rare disease detection.

v’ “First, progressive and inspirational GANs were used to generate synthetic examples of normal
and cellular rejection images, respectively, using limited expert-annotated examples. These
generative models are interpreted by exploring low-dimensional projections of the input latent
space.

Trained two tile-level image classifiers to detect cellular rejection signs at high magnification. One
classifier was trained using conventional augmentation alone (rotation and flipping), whereas the
second was trained with conventional and synthetic image augmentation.

Results were compared between the two approaches to demonstrate a significant performance
boost with synthetic augmentation.

Multiple saliency analysis methods (e.g. Grad-CAM++) were conducted to identify image regions

AN N N

regions to support classifier labels”

used for successful and unsuccessful classification for both classifier models.
The tile-level rejection probabilities were used to train a biopsy-level rejection classifier.
In addition, biopsy-level rejection heatmaps were generated and compared with expert-labeled

Electricity price forecast

XAl | Electricity price | 2022-163
Framework for collaborative intelligence
in forecasting day-ahead electricity price
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(i) Linearity inspection between observed and predicted electricity price.

(if) Normality examination of the distribution of residuals by histogram (i) and quantile-quantile plot
(iif) Homoscedasticity audit of residuals.

(iv) Independence inspection of residuals.

(v) Outlier detection of residuals

Global sensitivity plots for the features of Level 2 of the
stack ensemblearchitecture.
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Performance-based global sensitivity

Shapley values-based global sensitivity

G s e R e L SR GP |
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RIBM < e MARS { »
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BART - & RF { e .
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Feature interaction
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Features based on ome series characteristics.

N2

Description

1-5

6

7-9
10-12
13
14-15
16-18
19

20

21
22-25
2627
28-34

Average, Median, Std. dev., Max., Min.
|Max. — Min.|

First, Second, Third value

Last, Second last, Third last value

Spectral Shannon entropy

Stability, Lumpiness

Max level shift, Max var shift, Max kl shift
Crossing points

Flat spots

Hurst

PACF features: (x, diffl, diff2, seas)-pacfS
Holt's linear trend method: «, f

STL features: nperiods, seasonal period and strength,
trend, spike, linearity, peak

No

Description

35-37
3841
42
43
44-47
48-49
50
51-52
53
54-55
56
57
58-66

Holt=Winter's seasonal method: «a, §, y
Heterogeneity: (ARCH, GARCH)-ACF, R’
Non linearity

ARCH statistic

Correlation: Embed2 , AC9, FirstMin, trev
Distri.: HistogramMode, OutlierInclude
Entropy: SampEn

Forecasting: LocalSimple, LoopLocalSimple
Non-linear time-series analysis: FluctAnal
Stationary: StdlthDer, SpreadRandomLocal
Symbeolic transformations: MotifTwo
Others: Walker

ACF features: (e, x, diffl, diff2, seas)-acfl, (e, x, diffl,

diff2)-acf10
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List of statistical time series models whose forecasts are used as features.

N= R-package::function Description

1 fitAR::fitAR AR(p) fitting

2 fGarch::garchFit GARCH fitting

3 forecast:: Arima ARIMA(p, d, q)(P, D, Q)

4 forecast::dshw Double-Seasonal Holt=Winters method

5 forecast::ets Exponential smoothing state space model

6 forecast:z(s)naive (Seasonal) naive model

7 forecast::nnetar Feed-forward neural network with one
hidden layer

8 forecast::tbats TBATS model

9 forecast:thetaf Theta method

10 forecTheta::dotm

il forecTheta::dstm

12 forecTheta::otm

13 forecTheta::stheta

14 forecTheta::stm

15 glmnet::glmnet

16 greybox::alm

17 greybox:ImCombine
18 greybox::ImDynamic
19 greybox::stepwise

20 MAPA::mapaest

21 nnfor::elm

22 nnfor::mlp

23 PSF::psf

24 rugarch::arfimafit
25 rugarch::ugarchfit
26 smooth::ces

27 smooth::es

28 smooth::gum

29 smooth::msarima
30 smooth::sarima
31 smooth::sma

32 stats:;:HoltWinters
33 TSPred::fittestMAS
34 xgboost::(gblinear)

Dynamic optimized Theta model
Dynamic standard Theta model
Optimized Theta model

Standard Theta method

Standard Theta model

Generalized linear model with lags
Advanced linear model with lags
Linear model with combined lags
Linear model with combined lags
Linear model with stepwise selection of
lags

Mutliple aggregation prediction
algorithm

Extreme learning machine

Multilayer perceptron

Pattern sequence based forecasting
ARFIMA fitting

GARCH fitting

Complex exponential smoothing
Exponential smoothing in SSOE
state-space form

Generalized exponential smoothing
Multiple seasonal state-space ARIMA
State-space ARIMA

Simple moving average in state space
form

Holt-Winters filtering

Moving average smoothing
Regularized linear model with lags as
regressors

Smart Cities

Role of xAl
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XAl 2023-141

XAl with Blockchain for Smart Cities

i

: [+ Explain Customer Requirement

« Explanation & Interpretation of Health History of
Customers s
N -

Block-Wise Encryption &
Histogram Shifting

SHA-25 Secure Haszh Encryption
Predictors

Explain How, When, Where, Who Created Patient Data
Explanation about Emergency Health Conditions tof -
Radiologist :

1. Banking & Finance Applications__

2. Medical Imaging Application:

6 Finance & Accounting Audit T
4 Real-time Decizions

XAT Explanation of Banking & Finance Transactions
and its History to Bank Professionals
XAI Explanation of Biased & Disputed Decisions to Govt

Officials :
i

SN

Blockehain
Technology

XAT Model: & XAT based Muldi-
Interface Azent Systems

« XAI Explanation of Realtime Decisions, Optimization
+ XAT Explanation of Patient Health History to Doctors

XAIGOALS
A,

iles

Tdentification of crled.lt .wo.rtlh) One Making c.ase i:l:l.se, .GE dentification of biazed disputed decisi - Identificaticn of Fatal Accidents & :
and maling i Textual, Patient History fraud: such as manipulation of votes, Traffic M. i ‘a’ y
about loan and finance bazed Decizions (] it e <+ 4

election results, money laundering

XAl 2023-141

XAl with 10T for Smart Cities

Identify intruders, mterpret and explain the theft
to the police, make autonomons decizions, and
notify the hovse members about the status and

acrions taken againsr thefrs

{;&uag ML, dncizsony alimi pafinats erifical lm.mi @

rotection 1=zainst fatal azcidents and ML decizi ﬁ
absut traffic management and rizk

Expl. ion of theft, mirusion activities,
Behfnr vesfintim hent oz,

information of patients such a: cardiac

conditions, oxygen levels, blood pressure,

abetes, and provide emergency health alerts

Explination about real-fime health
di:

Io'l:.?rnsgm'i
(- el 1

1. GARMA Alsorithm
1 CDS5 Syitem

3. LIME Framework
4. Sapply Cham

@
=
3

to neighbouring cars and azsist in protection
agairsr faral aceldent possibﬂilies Aszistz in

by

i ]
irforming about dangers and rizks in advan:

XAT Mindel= &
Interface

advance, azsist vehicle: in navigation and
reduce traffic congestion situations

r i on of traffic it and making ML
L decizians about traffic congestion

[Ixn]anahcn about real tine accident wdat&s]

{ ion about traffic conditions in

XAl 2023-141

Usecase of XAl with Big Data for Smart Cities.

» BEB(Belief Rule Bae:)
» GBEDT(Gradient Boosting Decizion Tree)
.

1. Customer Segmentation

1. State information of Various customers

3. Health and Per:onal Hizstory of Customers
4

- Order and Product Info of Customers

Multi-Agent Svitems

Map reduce and Informatica

Aeta-heuristic methodology Explanation of geographical segmentation of customers

Erplamru:-n about correct stocks and assistance in pred.n:uon

Explanation of anomalies in life style and mental health
of elderlies

Decision Support
System

ECTTTTEPTTREEY

XAT Models &
Interface

Bkl Cuesnlom Explanation of supply chain operations and plan

i e e e T e B s i T Tk ettt b

Making decizions about stock Identification of anomalies in daily F . Alaking decizion about supply chain
i routine activities of elderlies Eé:i strategy and auntomation

| Identification of credit worthy customers,
managing good relationship and offering
customer centric products

selection, purchase and sell 7 i
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XAl Impact on

Financial Service

XAl 2023-141
XAl in Financial Service
Natural Language
¥ Processing
. AML & Fraud
ngbgz |ﬁ| detection
Customer % .
Reconunendarim's“ s
Cognitive
lachi Computing
Learning
Role of XAl in Industry 4.0
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(L A VI

N/ olB:t "
Predictive Predictive Energy  Predictive Quality

Mamtenance Anzlynes Analytics : r .
,e. * ‘ Diata Enginears &

L

Translation of
one language -To-another

XAl | Bilingual word embedding fusion 2023-146

Original English and Chinese embeddings

1.0 L0

English (s; = 14.19 and sz = 11.41) Chinese (s; = 42.25 and s3 = 12.87)

v sl and s2 are the top two largest singular values

XAl | 2023-

English and Chinese embeddings after fusion
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1,0 1.0

1,0 —1,0

English (57 = 25.82 and s = 12.75) Chinese (s1 — 26.06 and sy — 13.47)

One-class

SVM

XAl | | 2022-184
SVM with linear kernel classifying data points of two classes
Y
Class 2
Y2,X1 Y2, X2
o) o (v2. X2)
(o]
&
(o]
°©.° °©
O * (Y1, X2)
@) (Y1, X1

Class 1
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7 #
/S
5
// el o a
o
@)
x=o )‘:31 X

- Ahypercube generated using the farthest
points leads to the wrong inclusion of data
from another class

outliers

X=0 X=1 +4
v’ Using more hypercubes avoids the
aforementioned problem.

+ Now there is no wrong inclusion of data
points from another class

XAl | 2022-184
Clustering over a 2D space
N=1
| . | .
: [
e o
‘ 0.0.0 ®
o0
[ )
| o0 @
Iter 1
0 With one cluster over data points from one class (blue),
0 There are still others from the other class (red) inside the square
Applying NUfiez et al. procedure
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Removing data without outliers

N=3 N=2 (previous) + I[N = 2 (previous) + N = 2 (previous) +
N= 1 (new) N=2 (rew) N =1 |previous) +
N =2 [new)
Tat_a! =2i1112=5
e @ ® ®
2 e e ° e
‘ e o
I hd L] ag ® o e ® L ] [ ] ®
d q ®e ®e
o ®e o e
oe ® e | oo |® eom ®
lter 3 lter 4 Iter § Iter &

v" Number of clusters keeps increasing until no points from the other class are inside
¥ Then that hypercube is translated into a rule

Keeping all data points in every iteration could lead to a reduced number of clusters

Keeping all data

N=2 N=3 N=4->Total = 4
|
@ _— @ =]
—$ ol 2 N f
L @& ‘ ® ©¢ ‘ o9 2
o e e | o
o8 @
Iter 2 Iter 3 Iter 4
Rule extraction with a categorical variable v" With an RBF Kernel the correct hypercube

will be the one that encloses the points that
are not anomalies

v" Because, OCSVM algorithm tries to
enclose most of the points inside the
decision frontier and leave anomalies
outside
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Y Y
outliers
<&
. <
Ys °
[eNe]
Yo —— . 0
E o
Y: —— . ¥
- Ya
X
: X
X=0 X=1
Overlapping between rules (hypercubes) approximated
using their 2D planes’ area of intersection
X2 X2 X2

X1 / ¥l X1

X3 X3
Free: (X1,X2). Fixed: X3 Free: (X2,X3). Fixed: X1 Free: (X1,X3). Fixed: X2

X3

Imbalanced-classes

SMOTE
Synthetic Minority Over-Sampling
Technique

XAl 2022-069
Summary of SMOTE variants
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Oversampling methods References Borderline Selected Majority Noise Clustering
regions regions usage removal usage
SMOTE-Tomek Batista et al. (2004) v v
SMOTE-ENN Batista et al. (2004) v v
B-SMOTE Han et al. (2005) v
LIE-SMOTE Wang et al. (2006) v
ADASYN He et al. (2008) v
SL-SMOTE Bunkhumpornpat et al. (2009) v v
M-SMOTE Hu et al. (2009) v v
LN-SMOTE Maciejewski and Stefanowski (2011) v
SVM-SMOTE Nguyen et al. (2011) v
DBSCAN Bunkhumpaornpat et al. (2012) v v
SMOTE-RSB Ramentol et al. (2012) v v
NRSBoundary-SMOTE Hu and Li (2013) v
SDSMOTE Li et al. (2014) g
SMOTE-IPF Sdez et al. (2015) v v
GAS-SMOTE Jiang et al. (2016) v
SMOTE-D Torres et al. (2016) v
AND-SMOTE Yun et al. (2016) 4
SOMO Douzas and Bacao (2017) v v
CURE-SMOTE Ma and Fan (2017) v v
k-Means SMOTE Douzas et al. (2018) v v
Geometric-SMOTE Douzas and Bacao (2019) v
HCAB-SMOTE Al Majzoub et al. (2020) v v v
SWIM Bellinger et al. (2020) v
Counterfactual Augmentation (CFA)
- . . L]
Majority Class (X) Minority Class (P)
r
]
I
I
B e ]
’ \
paired .
f ESE
instances 5 —_s D
A
\
X cf (x,p) { ] counterfactual
v instance
\
: Transfer
1 differenc-features
1
] ’ t
O A DI n synthetic
g P Transfer counterfactual
: match-features instance
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Typical Datasets & Imbalance Ratio (IR)
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D Deztaset Features Instances Minority Majority IR
D1 Pima 9 768 268 500 1.86000
D2 Phoneme 6 5404 1586 3818 2.40000
D3 Vehicle 19 846 199 647 3.25000
D4 Atbalone-9-vs-13 9 892 203 689 3.39000
D5 Yeast-3-vs-R 9 1484 163 1321 8.10000
D& Ecoli-3-vs-R a8 336 35 301 8.60000
D7 Page-Blocks-0-vs-R 11 5472 559 4913 B8.78000
D3 Yeast-0-3-5-9-vs-7-8 9 506 50 456 9.12000
D9 Atbalone-9-vs-16 9 756 67 689 10.2800
D10 Glass-3-vs-R 10 214 17 197 11.5800
D11 WineQuality-Red-4-vs-5 12 734 53 681 12.8400
D12 Yeast-1-vs-7 9 459 30 429 14.3000
N3 Fenli-4-vs-R 2] 336 20 316 158000
D14 Atalone-13-vs-R 9 4177 203 3974 19.5700
D15 Atalone-9-vs-19 9 721 32 689 21.5300
D16 Atbalone-9-vs-20 9 715 26 689 26.5000
D17 Yeast-4-vs-R 9 1484 51 1433 28.0900
D18 WineQuality-Red-6-vs-8 12 656 18 638 35.4400
D19 Atalone-17-vs-7-8-9-10 9 2338 58 2280 39.3100
Dz0 Yeast-6-vs-R 9 1484 35 1449 41.4000
D21 WineQuality-White-3-vs-7 12 900 20 880 44.0000
D22 WineQuality-White-3-9-vs-5 12 1482 25 1457 58.2800
D23 Poker-8-9-vs-6 11 1485 25 1460 58.4000
D24 Atalone-20-vs-8-9-10 9 1916 26 1890 72.6900
D25 Poker-8-9-vs-5 11 2075 25 2050 82.0000
XAl | 2022-069
Mean ranking of each data augmentation method
1
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F1 values for the different conditions, across 25 datasets for the four classifiers
(@) RF classifier, (b) k-NN, (c) LR, and (d) MLP
AAA->CNN-57-> xAl(Bfit) 2022-2023 833
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