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Conspectus:Data-,information-,knowledge-, intelligence-, method- bases play a pivotal role to
understand, design and control desired targets in health, communication, defence and industrial domains.
The evolution of data-acquisition methods of increasing accuracy/precision through electronic
instruments revolutionised input to output transformation. In addition to numerical/logical/attribute data
systems, 2D-/3D-images, figures, multi-way tables and scripts opened new vistas in data-to-information
transformation in sub-goals of a task. In this decade, the application of adoptive-trust-worthy-nascent
xAl tools in medical sciences changed the scenario of age-old practising protocols.In this communication,
select research reports dealing with XAl in medical diagnosis during the year 2021 are briefly described

Keywords:eXplainable/interpretable/Responsible/Trustworthy ~ Al;  Machine  Learning;  Deep
architectures; Medical diagnosis; Cancer, Heart/brain/lung diseases; probes for xAl; Health care
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xAl.Med. |

| 2021-09

Distant
metastasis

No distant
metastasis

=

Distant metastasis in head and Neck Cancer

(a) (b) (C)

KNS

a) Raw images imported to the model
b) Gradient class activation map (Grad-CAM) of the penultimate convolution block
c) Merged image of columns a, and b

Heart diseases
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xAl.Med. | | 2021-31
DataSet — Flow Diagram
Development dataset
A
s N
62,983 patients who visit cardiovascular center
-46,741 patients from Mediplex Sejong Hosp
-16,242 patients from Sejong General Hosp.
112 paticm; Y\{cre éxcludcd
due to missing values
v Validation dataset
A
62,871 patients were included ~ N
-7,651 patients with AF
* 38,018 patients from open datasets
- 18,885 patients from PTB-XL
6,287 patients were selected by randomisation 6,287 patients for internal validation - 10,605 paticnts from Chapman
for internal validation (10%) ) 788 patients with AF - 8,528 patients from PhysioNet
56,584 patients for development data v
6,863 patients with AF External validation dataset
* 40,970 ECGs for DLM development
A4 -2,510 with ECGs indicative of AF
Development dataset Internal validation dataset 21,837 ECG from PTB-XL (1,527 AF ECG)
115,485 ECGs for DLM development 12,914 ECGs for DLM development 10,605 ECG from Chapman (2,225 AF ECG)
- 14,574 with ECGs indicative of AF - 1,679 with ECGs indicative of AF 8,528 ECG from PhysioNet (758 AF ECG)
A X
1 1
i
A i Accuracy test of developed DLM using |
i
Development of explainable DLM for i Each internal and external validation data !
Detecting AFusingecG [T o B
xAl.Med. 2021-31

Explainable DLM for detecting atrial fibrillation
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Noise Filtering

Normalization

Module of irregularity Module of P-wave Block
Input ]
v v
| CONV ] | CONV | 4
I BN | BN | CONWV
™Max Pool ™Max Pool BN
h 4 v cOoNV
Block 1 Block 1 Lint 2
| 5 | | 5 | Skip
| Block 2 | | Block 2 | EOTBEC i
v v v
| Block 3 | | Block 3 | L Output ]
\ 4 v
| Block 4 | | Block 4 |
h 4 \ 4
| Flatten Flatten
| FC FC
| Drop out Drop out
| FC FC
Interpretable score
———————— —‘ ——— === ——|-— for presence of P-wave

Interpretable score FC
for irregularity Drop out Enscmble module
FC
Drop out
FC

Final prediction result
for presence of Atrial fibrillation

DLM deep learning model

BN denotes batch normalization layer
CONV convolutional neural network layer
FC fully connected layer

ECG electrocardiogram

xAl.Med. | | 2021-31
Performances of explainable deep learning model to detect atrial fibrillation
s e Iy
% v 5 /J“_ / A
Bz & s < £z
y — I//' = //,

ECG electrocardiogram-- DLMdeeplearningmodel

o Clconfidence interval

0 NPV negative predictive value
0 PPV positive predictive value

xAl.Med. | Heart

| 2021-20

Explainable prediction model of heart disease
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Fuzzy FCRLC The patient has HD P
HD Clustering blood pressure is very high
Data [ ] a“fl . 1| Xnowledge base [[” Heart r?:e is high
Linguistic Heis: @ '%
Modifiers i
Male Diabetic Smoker
Training Explainable Model Explanation Interface
data Clinician makes a
decision based on
the explanation
xAl.Med. | 2021-20
FCRLC architecture

atabase learning

o

Y

@lebase learning \\

Radius module

Multi-granularity
fuzzy discretization

v

o)

Radius r, Evaluation
.- > ad module
Training Data »| Subtractive clustering
Data_Ci g
v v
: Clusters_Cy|. . .|Clusters_C; ﬁfg:qracy
Data_C. v
Rule module \ /
MFs \_ / 5
Parameters
Rules
Database %
Knowledge base
» FUZZY REASONING METHOD
xAl.Med. | 2021-20
Fuzzy partitions of linguistic variables
Sex , Chol; CP
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Input variable Sex Input variable Chol Input variable CP
Typical Atypical Non-angi
Female Male| | Low Medium High| |sneina A:Kg‘;na T Aam
0 0.1 02 03 04 (E;) 0. 07 08 09 1 150 00 250 300 (‘l];n) 400 450 500 550 1 15 2 (2';) 3 35
xAl.Med. | 2021-20
Explanation interface of FCRLC
Q PRSIETRID: The patient does not have HD.
: 0001 Details of the decision
I\I‘Issl HD : Negative Features that did not affect this
ale ' i .
Tvoical mmmsm Confidence score : :97.21% decision are :
Aypl_ca Justification : AGE and Chest Pain Type
ngina
Trestbps 145 Sex
233 Male Thalach is High
Blood sugar Trestbsp is Elevated 150
> 120 mg/dL 145 Exang
Left Chol is Normal Yes
GESCEES ventricular 233 Slope
hypertrophy Fbs Downward I
Thalach 150 Normal ﬁ slope CA : No vessel
0
Yes Restecg i
Downward e Oldpeak is Low
slope Left 2.3
0 ventricular Thal
Oldpeak 23 hypertrophy Fixed defect
Fixed defect

ECG Analysis

xAl.Med. | 2021-06

Mach Lrn and xAl
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TODAY
CLINICAL TRAIN INFERENCE PHYSICIAN
DATA “Normal

or Abnormal?" ' ‘
N ‘ B Abnormal
. "q V|~ Classifier
[\
Y ’ ‘I 7_)’/ 2
i el
1 i

\1/\/ EXPLAINABLE Al
PHYSICIAN

=y I e TRAIN INFERENCE EXPLAIN
"Normal

« Unbalanced or Abnormal?" Explanation ﬁ
« |naccurate Abnormal
« Incomplete Classifier _— >
» Noisy
- o
Lo igh

v

w Hi
Relevance

xAl.Med. | | 2021-06
e T e -0.4
X HIE? ' 03
: ° -0.2
g ux Xl ! 3 a0
% “"\\/\.\/-/‘ : F e(f, X;) %_ ."\/V .00
] : g -0.1
! : --02
0.00 U_15Tii;30( )045 D,BOE 0.00 0,15-“?'.‘30( )045 0.60 0.00 0-151—&30( )045 ()GDE 0.00 015 030 045 0.60 =03
e (I e o." PR Time (s)
Incorporating explanation in time series
xAl.Med. | 2021-06
possible perturbations applied to the R peak of the heartbeat
Zero Random Mean
Unperturbed Perturbation Perturbation Perturbation

0.00 0.30 0.60 0.00 0.30 0.60 0.00 0.30 0.60 0.00 0.30 0.60
Time (s) Time (s) Time (s) Time (s)

xAl.Med. | | 2021-06

shapelets S1, S2--- MIT-BIH ECG dataset
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Shapelet
Tranformed Data

g g o eﬁ)"o o Normal Beats
s u = B o o.
E 75 X; )gz © Abnormal Beats
° s
/
o 10 A
000 006 000 015 030 045 060 000 015 030 045 060 & //
Time (s) Time (s) Time (s) 1 65 7
= P
8 ol °
6.0 5 e
00, Xy
g 55 X. >0
3 o A
£ w = 3 3 8%g
E 64 66 68 70 72 74 76
Ix- 512
000 006 000 015 030 045 060 000 015 030 045 060
Time (s) Time (s) Time (s)
xAl.Med. | | 2021-06
Jaccard’s index
o W,
— &
0 — 5
i
E
=3 S J(Shapelets \W,,) = —||
S1 §] SQ
xAl.Med. | 2021-06
Post-hoc methods
E Pre-processing E 3 Trainin E
k-NN
Bandpass filter |+ Heartbealt — Amplitude z-normalisation  |—
Segmentation
CNN
1st order
Derivative
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xAl.Med. | 2021-06

Representation of the CNNAmpmisbehaviour
Misclassified S Class Well Classified S Class

o
3
o
13

Normalised Amplitude
o
o

o

=

:
0.0 -f\j:,‘/\_,
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LIME explanations for false negatives of class S (on the left)
LIME explanations for correct classifications of class S (on the right)
xAl.Med. | | 2021-06
SHAP explanations
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xAl.Med. | | 2021-06

Case 2
#What kind of heartbeat is the last one that you see in the following sequence?

[0}

el

2

S 05

£

<

3

2 00 _’\/\/ \/\/ ‘\/\/ ‘\/\/—
©

£

S

Z -05

0 500 1000 1500 2000 2500

Time (ms)

@ Choose one of the following answers

non-ectopic

supraventricular ectopic
® ventricular ectopic

fusion beat

none of these

Ireally don't know

A screenshot of visual explanation for a single ECG

xAl.Med. | 2021-06

visual explanation for a single ECG
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For the case above, the machine gives the following visual aid.

[ i -0.4
o 1
- | |
5 05 | , ‘ B
£ ; ‘ 0.2
< | u
8 o0 t—Jt— S — -0.0
E { l
E ! - -0.2
205 | ; ;

0 500 1000 1500 2000 2500

Time (ms)

with this kind of "explanation” would you change your mind?

© Choose one of the following answers

® No, Iconfirm
yes, now I see it's non-ectopic
yes, now I see it's supraventricular ectopic
yes, now I see it's ventricular ectopic
yes, now I see it's fusion beat

Istill really don't know

@ NB: look at the color scale on the right; you can disregard the numerical value therein indicated, but the higher this latter value is (and the more "red” the color), the
more relevant the highlighted portion of the heartbeat is in regard to the right classification of the heartbeat itself.

The heartbeat should be classified as Non-Ectopic Heartbeat.

Assuming this classification correct, how useful do you consider the visual aid given above to reach an accurate classification?

© Choose one of the following answers

Very helpful (molto utile)

Quite helpful (abbastanza utile)

Neither helpful nor unhelpful (né utile, né inutile)
Quite useless (abbastanza inutile)

Totally useless (assolutamente inutile)

Not only unhelpful, but even misleading! (Non solo inutile, addirittura fuorviante!)

XAl.Med. 2021-06

Boxplots of the perceived typicalness of the visual explanations

5 4 EE"E' > :

3 .

27 = H e

. L .
Cardiologist Graduate Resi‘dent
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xAl.Med. | 2021-06

Boxplots of the visual explanations --- grouped by kind of heartbeat

5 o0
= o—0—C

explanation
typicalness
4 —er— e s
s ‘ +
3 coc e oo —
§ +
+ s
i i
2 - oo 00 010 = =2
=5 —®o— N o—i o
[ T T ]
non-ectopic supraventicular ventricular ectopic fusion beat
v Circles correspond to the explanations of the single ECGs
v Averages are indicated with a small cross
xAl.Med. | 2021-06
cases cases
25 2 20+
20
15
15
2 1" 10
0] v
1 e
Detrimental 1 2 3 4 Very useful 1 2 3 4 Very typical
Usefulness levels Typicalness levels
Histograms of the perceived usefulness and typicalness of the explanations
xAl.Med. | 2021-112

Expert IF-THEN rules
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ECG data with
pseudo-colouring features

(emaray )=

Yes

Inflection
point == 1.5

Is the max
concave located at
Purple_Blue_Green?

Normal (1) |=+——Yes

Normal (2) |+——No

Inflection
point == 2.5

Is the max
concave located at
Blue_Green_Lime?

No

Normal (2) |=+——Yes

Yes

Inflection
point == 3.5

' Normal (3) }‘

No

Is the max
concave located at
Green_Lime_ Yellow?

Inflection
point == 4.5

Normal (3) |=+—Yes

No

[ Abnormal (4) J< No.

Inflection
point >= 5.5

Is the max
concave located at
Lime_Yellow Orange?

Yes

[ Abnormal (5) J=—es

[ Abnormal (6) ]<—N°

xAl.Med. 2021-112
Expert algorithm’s inference process
ECG data Apply pseudo-colour Calculate the Locate Determine the pseudo-colours of
(Lead II) from R-peak to pseudo-coloured concavity and || maximum concave and
maximum TdP risk AUC inflection points subsequent inflection point
xAl.Med. | | 2021-112

sensitivity, specificity, balanced accuracy, and area under the ROCcurve of the expert algorithm and
human participants (mean values)
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Human

104
0.9-
08-
0.7 -
06-
0.5-
0.4-
0.3-
02~
0.1+
0.0-

Expert algorithm

Balanced Accuracy ROC (AUC)

1 I
Sensitivity Specificity

Classification: 40 ECGs (TdP risk n =20, no risk n = 20)

xAl.Med. |

| 2021-112

Decision tree IF-THEN rules when trained on imbalanced and balanced class data

Imbalanced Class

ECG data with
pseudo-colouring features

Inflection point > 4.5

Yellow_Orange_DarkOrange
> 38.9155

(e

No

Balanced Class

ECG data with
pseudo-colouring features

ime_Yellow_Orange
e <= -24.206
Green_Lime_Yellow
>-59.82

e

No

Blue_Green_Lime
<=10.168

(o Jo—e
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xAl.Med.

2021-05

Brain topology
Structure

<

Method-flow

Graph Fourier
Transform

4

Extension of
Fukunaga-Koontz
Transform

Discriminative
features

Explainable classification
Diagnosis prediction

Analysis
Relevant frequency modes

Define topology

) U
- ¥ g
T

e

.
SN
e
.8,

h 4
5
%

A

FRAMEWORK

Decision tree

F'y

Compute and

normalize GFT

Training set

Compute Laplacian

Yy

coefficients

—r

Compute disciminative
projection matrix P &
apply projection

Yy

features

Compute training

Learning

Model selection

eigenvectors

—» GFT

—» SFM —» Our framework

xAl.Med. 2021-05
Method-flow
— Apply transform .| Compute test Validation
w (GFT / SFM / Framework) = features
s Ten trials A A
< Classifier

xAl.Med.

2021-05
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N\ . IFGoperc PCG
\‘ﬁgG J - __ ROL ®
cau @}
ORBsupmed L

~ ORBinf OLF
RE®—_

@
TPOpfid
Two-nearest neighbor topology in the right hemisphere
xAl.Med. | 2021-05
. Decision tree
ASD_dom )
< 0.04 . > 004
e
NT_dom2 | NT_dom2
< 0.06 > 9.06 < 0.01 > 0.01
(ASD_doms3) '\I_WD \\ASD ‘ (NT_dom3)
<M14 ; 0.N> 010 7 g ol
:/NT/'\ NT_dom3 Kf@ @D/I I\LT\/\
< 0.08 > 0.08
(= ()
v Subdivisions: related to the log-variance values
xAl.Med. | 2021-05
ASD
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1 e Reasoning system |
i rties  of
] List propet ]
1 chemical that mug_h«g :; |
biclogically concerniny
CHEMBL(FDA) " PubCh N n ChemBL MesH 1
U em human ¢o! ptions_____..
(14K molecules) =P  chemicat T Medical I
Concepfts
Potential drugs I I
1 < \v;‘} I
W o
1 B T Wha ini 1
) 2 &\5\«:“‘&%& ‘hem;c;;a"""” 1o Clinical .
0 s cli a This Trials
o2 e <. inica Preyi,
! )S\"A"ée\ o° S Vious Safety and !
1 _ N o T Efficacy
4 Sams & Hypothesis
! Bio2RDF
I ross I
160+ COVID-19 targets | Crosswalk .
6LU7, 6VSB, 6LVN, GLXT, 6VW1, 6Y2G, UniProt 1
6Y2F, 6Y2E, 6VXS, 6VWW, 6W02, 6WO1,
6Y84, 6VYO, BVYB, 6VXX, 6MO3, 6M17, s Interactions —— . DrugBank 1
5R84, 5R83, 5R7Y, 5R80, 5R82, SR8, iz © rugBan
SR7Z, 6WAH, 6W4B, 6MOJ, 6M3M, 612G, | aey |
SREO, SREN, SRFZ, SRFY, SRFR, SRFQ. | Rery I
SRFT, SRFS, SRFV, SRFU, SRFX, SRFW, 4 PO
SAFJ, SRFI, SRFL, SRFK, SRFN, SRFM, | Find simiar fargets based on & & 1
S5RFP, 5RFO, S5RGO, W41, W61, 6W63, protein-sequence march to S e
6W75, GW6Y, 6YB7, SREA, SREC, SREB, | the SARS-CoV2 farget &0 1
SREE, SRED, SREG, SREF, SRE9, SRES, ' profein? Rhea I
SRES, SRE4, SRE7, SREG, SRFB, SRFA, | Synthesis
SRFD, SRFC, SRFF, SRFE, SRFH, SRFG, | I
SREY, SREX, 5RF9, SREZ, SRF2, SREP,
SRF1, 5RES, 5RF4, SRER, 5RF3, SREU, | 1

5RFB, SRET, 5RFS, SREW, 5RF8, SREV, I
SRF7, SREI, SREH, SREK

I Open knowledge sources

I XAl: capable of hypothesis generation using knowledge graphs applied on COVID-19 protein
targets.

I Computational engine: capable of interactive in-database analytics to query/ impute/ infer new
and novel relationships

XAl Med, 2021-22
| |

0 Noise setn generated by DTX around 0 Tree structure representing the
0 X:instance to be explained rules responsible to explain black-
box prediction

DTX Local Interpretation

1- m 0 X2 2 0.074
A 1
g False \True
0 - -
—
%4 dassil X1 <-0.04
2 1 -
False / \True
=21 class=0 class=1
-1 0 1 2
X2

Decision boundary is based on the DTX output

XAl Med, 2021-22
| |

Criteria graph
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a, < medium

a, > low

xAl.Med. 2021-22

v" Local explainability
v Generating ensemble classifiers

—— e
BUoE o~ =
=
Cleaning Imbalanced class Models Explainer
treatment
Removal of non-blood
= o t —— . S Building machine |- Jps{ Local interpretability
R > S};R;h;tilrf;raigiuzll:sof > learning models using the Decision
Cleaning features (COVID-19) using the T Tree bafS%(E)XPme‘f
S SVM-SMOTE heterogeneous
Clinical exams Normalization of and homogeneous Graph of the most
features ek et e important blood
Imputation of paraerers for th'?
missing values Model classification model IC%E/?STQB with
xAl.Med. | 2021-22

Explanations provided by SHAP and LIME
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WBC -
PLT
EOS
CRP
MONO
CREAT
MPV
AST
LYM
HCT
RBC
Na
ALT
HGB
NEU
K+
RWD
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MCH
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F.....
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020 -0.15 —0.10 —=0.05 0.00 0.05 0.10 0.15 0.20

SHAP value (impact on model output)

(a) Global SHAP

High

Feature value

Local explanation (LIME) for positive COVID-19

WBC <-0.64

EOS =-0.67 q

-0.64 <PLT =-0.15
-0.66 < MPV =<-0.10
-0.37 < CRP = 0.04
HCT > 0.714

-0.52 <MCV =< 0.05
HGB > 0.73 1

-0.55 < MCHC =< 0.04
LYM > 0.56

.“|||||||‘

—0.025 0.000 0.025 0.050 0.075 0.100 0.125 0.150

(b) Local explanation (LIME) for a positive
COVID-19 individual

Local explanation (LIME) for positive COVID-19

WBC =-0.64

PLT <-0.64

EOS =-0.67

CRP > 0.04

-0.10 <MPV s 0.68
HCT>0.71
AST>0.09

RWD <-0.63
ALT>0.12

-0.52 < MCV =< 0.05

000 002 004 006 008 010 012 014

(c) Local explanation (LIME) for another positive
COVID-19 individual

xAl.Med. 2021-22
Criteria Graph for the decision tree explanations
WBC<=medium
MONO > mfjiil]'l/,—— _ LYM>low
WEBC<=low
% Z_
CRP>lowW \
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xAl.Med. | 2021-22

Explanations for the COVID-19 inference of the 12 COVID-19 positive patients in
the test set.

m Decision Tree Explanation

1 EOS < -0.51 and PLT < 0.16 and CRP > -1.74 and EOS < -0.61 and MPV =
-0.82 and NEU < -0.42 and MCHC < 1.90

2 CRP > -0.43 and EOS > 0.63 and AST < -0.41 and UREA > -0.91 and MCV =
0.12 and CREAT > -0.88 and K+ = -0.52

3 EOS > 0.54 and WBC > -0.97 and MCV < -0.13 and ALT < 2.13 and CRP =
-0.51 and PLT = -2.98 and HGB > 0.96 and Sodium = 0.12

4 AST = -0.43 and CRP > -0.46 and PLT < 0.26 and WBC < -0.44 and LYM =

-1.29 and EOS < 0.76 and CREAT > -0.75 and PLT < 0.06 and AST > -0.37
and PLT > -3.57

5 EOS > -0.59 and CRP > -0.53 and PLT < -0.33 and CREAT = -0.30 and AST =
-0.34 and EOS = 0.39 and MONO > -0.49 and WBC < -0.58 and LYM = 1.11
and HCT > -0.50

(=3 CRP > -0.50 and MPV > -0.99 and EOS = 0.82 and PLT = 0.21 and LYM =
-1.17 and CREAT > -0.64 and EOS < 0.37 and WBC < -0.40 and HGB < 0.44
and PLT = -4.22

7 CRP > -0.52 and PLT < 0.08 and EOS < -0.07 and HGB > -0.83 and CREAT >
-0.87 and EOS = -0.67 and RBC > -1.02 and MONO = -0.16
8 HGB = -0.83 and LYM = -1.13 and CRP > -0.47 and CREAT > -0.48 and HCT

> -1.09 and EOS =< 0.77 and AST > 0.23 and MCV > -6.31 and WBC = -0.88
and PLT < -0.05

] EOS = -0.59 and PLT < -0.08 and MPV > -1.00 and HCT > 0.48 and UREA <
2.35 and WBC = -1.04 and MPV > -0.97 and MCHC = -1.08

10 EOS < -0.55 and PLT < 0.13 and MPV > -1.02 and WBC = 0.09 and PLT =

-0.11 and ALT = -1.13 and WBC < -0.29 and MONO = -0.28
11 EOS > -0.62 and AST > -0.46 and EOS < 0.52 and WBC < -0.47 and CREAT =
-0.46 and CRP = -0.68 and PLT < -0.04 and MONQ > -0.03 and MCH > -1.77

and AST < 1.04

12 PLT < 0.10 and MPV > -1.04 and EOS < -0.54 and MPV > -1.01 and WBC <
-0.58 and LYM > -1.48 and MCH > -1.48 and HGB > 1.07 and ALT > -0.54
and MCHC = -0.22

xAl.Med. | 2021-33

. Data flow diagram (I > [Methods] - output

Heat-map creation

bl o ey B Explainable &l technique selected in

diviing Inta training And tast, Increasa tho intempratability of our

normialized and sugmeanted. spstom are applisd Lo generale
hestinaps

558, consalidaion |
92% neesenselidativn

Xray dataset Mol Generatien Final report

Build & CNM 1o o assily the X-rays
Iné: consalidesion or nom-
cansolidalicn

xAl.Med. | | 2021-33

Heatmaps generated with an individual CNN (Archl)
for a non-consolidation test X-ray (sample 1).
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Heatmap 0, Heatmap 1,
prob = 0.999 prob = 0.001

XAl Med. 2021-33
| |

Heatmaps generated with an individual CNN (Archl)

for a consolidation test radiography (sample 1)
Heatmap O, Heatmap 1,
prob = 0.737 prob = 0.263

0.0015 0.0020

XAl.Med. 2021-33

. Heatmaps of a non-consolidation sample 1
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Mean Heatmap O, Mean Heatmap 1,
prob = 0.927 prob = 0.073

0.0000 0.0001 0.0002 0.0003 0.0004 0.0005 00006 00007 0.0008

Std Heatmap 0 Std Heatmap 1

I

T 1
0.0000 0.0001 0.0002 0.0003 0.0004 0.0005 0.0006 0.0007 0.0008

Left side, Neuron 0, : heatmaps for the non-consolidation class,
right side, Neuron 1: heatmaps for consolidation class for five individual CNNSs.

xAl.Med. | | 2021-34

Heat map -- pneumonia in chest x-rays
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v" Brighter colours (red) :regions with higher levels of importance
v" darker colours (blue) :regions with lower levels of importance

Input
Chest x-ray image

CheXNet
121-layer CNN

Output
Preumonia positive (85%)

xAl.Med. |

2021-34

Saliency maps
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v" Top row: correctly classified image and saliency maps

v" Rows 2 to 4 : incorrectly classified images after adversarial perturbations.

xAl.Med. | | 2021-110
Al, XAl in medicine
Task Input data Al technique Al output XAl output
Lesion Clinical features Machine Learning Classification label Classification label

Classification

+
Imaging features

(Feature selection + (Malignant vs.
SVM classification) Benign)

+
Most important
features for Al model:
e Lesion heterogeneity

 Lesion entropy
o Family history

Pneumonia X-Ray Imaging Deep Learning Classification label Classification label
Diagnosis (Convolutional Neural (Pneumonia vs. +
I s
Networks) Healthy) Activation map
xAl.Med. | | 2021-110

Classic machine learning and deep learning models in medicine
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Start
Small Large
Sample Size
y h 4
Classic Do
Machine p
. Learning
Learning
y
tzaliEal Unreliable el Reliable
Image Image
Application Application
Domain Domain
Radiomic
Feature
Robustness
4 4
Model ficining Transfer
Selection from Learning
scratch
Fully Label Weakly/Semi-
Supervised Reliability Supervised
Model Logic Model Behaviour
Interpretable
Results
Decision Rationale
A 4 v
Model Outcome Model
Explanation Explanation Inspection
v
r\ Stop /~
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Drug Repositioning Framework

L. Materials ond Dats Processing

2. Subpapulation Diseavery

2.1, Patient Stracificatlons

[
'
l

]
'

[t
v
'
l
[
[

2.3, subgroups Privrifizative
| Subsgroups’ Pricritization
s 880

;e @
«( - _..,.;.,h—..-'r“"

xAl.Med. | 2021-07

Aggregated drug score calculation for each drug

XAl Med. 2021-07
| |
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— / Abugaie MW White
e % I'I(DReclum Cancer
Varenictine

P2R JRight-Sided Colon Cancer

r3F (Female
T4Y jHas History of Polyps

PEN INa loss of MMR

raN No lymphatic Invasion
Dabralenib o

Teniposide

raY JHas lvmphatic Invasion

P75 No Venous Invasion

FEA JATive

roN )No Synchronous Colon Cancer

Pn!\:\ No Follow up Radiation Therapy

MSI test result-related subgroups with the top three recommended drugs for each subgroup

xAl.Med. | 2021-07

Menadione gene interactions in two different subgroups

- Subgroupd ' . Subgroup?
_IGRI
YT CLTED |
> = FIET e
@ G @ Lo =

iiﬁﬁﬁ’ ) :.'- i
~ RO,
CERLY fi o) ;
e o
; I. ¢- C23A5Y//,
ot J L ACRPSE T
Ly | = =l
@ 7 ‘-‘-*h-k.'hrsza . RN
2-— ,m P
- T HLTA e RIS
() L P ——afam\t:r@
coni
—— Binds ~ ===Covaries ==L} iy p— == Interacts === Upregulates »: = Drug ~ DEG 0 Gene interacts with DEG
xAl.Med. 2021-07

Crizotinib gene interactions in three different subgroups
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Subgroups Subgroup?

——Binds = Covaries == Downregulates  ==Regulates = Interacts === Upregulates @ Drug rf:“-} DEG ¢ Gene interacts with DEG

xAl.Med. | 2021-07
randomized analyses
NSLEH & 1o Idarublcm : Tgtrahydmbinpterin
A A Dactmm]_ly_cm Dleﬁlylst:l_lpestmi
Doxorubicin Fluphenazine
: Cerulenin Streptozocin
ML e
Afatinib Metaxalone
MSI-H & right- Menadione Testosterone
sided colon & no Dasatinib Pseudoephedrine
lymphatic invasion | Vinblastine Paliperidone
Varenicline Terazosin
MSS & female Digitoxin Isoflurane
Gefitinib Fospropofol
MSS & female & Crizotinib Imatimib
have lymphatic Cerulenin Simvastatin
mvasion Dabrafenib Bortezomib
. Niclosamide | Trilostane
M olon polyp, | Perheline | Doxylamine
Digoxin Flucloxacillin
MSS & a history of | Menadione Diclofenac
colon polyp & No | Varenicline Digoxin
Venous invasion Crizotinib Progesterone
AAA->CNN-54->BFit.xAIM.2021 473




Toxicology

Human and Computer Agreement

xAl.Med. | | 2021-10

Human and Computer Agreement

Probabilistic Logic for Toxicology

Difficulty

DT-Ground Truth

= 4
T
=:
Ground Truth-Tak
Human-Ground Truth
Human-Tak
Human-Human
" h|
v' X-axis denotes Cohen’s K.
v’ Y-axis denotes pair;
v Ground Truth denotes labels generated while creating data set
v Hue indicates difficulty of presentation
xAl.Med. | 2021-10
Tak: combination of probabilistic logic algorithm and knowledge base
DT: decision
Generate Data
Ge."l_eralte 300 Ca.SES, ".r\mlll:n'n: Tak's Performance
Clinically according to Alg 1 Actual: Tak vs. Human Cecnsensus
; Best: Tak vs. Intended Toxidrome
Implausible ——— N
(n=18) Excluded Benchmarks:
Included Human Consensus vs Intended Toxidrome
(n (DT vs Intended Toxidrome
282}
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xAl.Med. |

| 2021-10

Listing 1: Example rule that represents distribution of
salivarates in the general population

0.10::salivation(X,decreased);
0.10::salivation(X,increased);
0.80::salivation(X,usual).

number before the two colons: probability
with which the probability is true.
A;B means “A or B but notboth”.

assigning the likelihood of one toxidrome over another
given thatthe patient is manifesting a symptom.
4%P::hasToxidrome (X,sympathomimetic);

P::hasToxidrome (X,serotonergic) :-
mentalStatus(X,agitated), P is 0.2.

& A:-Bmeans that
Bis true if Ais true

v The function mentalStatus(X,agitated) is
true if patient X is agitated.

The function hasToxidrome(X,Y) is true if
patient X manifeststoxidrome Y

Rule Defining the Cholinergic Toxidrome
hasToxidrome(X,cholinergic) :-
salivation(X, increased),
urination(X, increased), 4i.e. polyuria
pupilDiameter(X,small),

The relative probabilities across rules were
chosen to reflect the

perceived relative prevalence of each clinical
finding

I Report from American Association of Poison Control Centers on the relative prevalence of each
poisoning in the US to estimate the prior probability of each toxidrome prevalence of many
o Physical findings, for example the rates of salivation in the general

population, are not known.

o0 Norisitknown thata patient is precisely four times more likely to suffer from a
sympathomimetic toxidrome as opposed to serotonin toxicity if the patient becomes agitated

after an unknown ingestion.

0 The magnitudes were chosen, in conjunction with the consensus of experts, to reflect implicit

components of clinical response

xAl.Med. |

2021-10
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Probabilistic Logic for Toxicology

Difficulty

DT-Ground Truth 2 1
= 1
2 0
Ground Truth-Tak
Human-Ground Truth
Human-Tak
Human-Human
0.5
xAl.Med. 2021-08
human-centered XAl design
/[ \ /" Requirements /~ Multrmodal
l Domain analysis —H\ elicitation and | > Interaction Design and
AN J/ . assessment . Evaluaon ~/
W N _ {_ N
Context description & Use case(s) & Design patterns
Concept for explanations Explanation requirements for explanations
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xAl.Med. | 2021-08

Framework for explanation generation and communication to a user

i context ./“-\
v

i s . ol A4 —>
dat Mach_lne L outout—>! XAl | mmatisn—> Adaptation & explanation
learning Interaction Design <—nteraction—

\.

T

XAl Med, 2021-08
| |

UI design
example

Name: Miriam deJong  Gender:F  Date rth.: 01-01-2013 (7 y/o)

Suggested pre-diagnosis: Attention-deficit/hyperactivity disorder (ADHD)

Evidence for and against
Evidence for {total)

Evidence against [total)

AL paren: 1 attention-deficit = 16
AL teacher 1 hyperactivity = 12

AVL teacher 1 attention-deficit = 14
AVL teacher Limpulsivity = 13

SCO parent 1 emotional problems =3
Mge=7

Cther evidence for

SDC parent 1 hyperactivity =3

50Q parent 1 attention-daficit =3

AVL oarent 1 nyperactivity = 10

Gender = F

Other evidenca zgainst

None High

Relavance for pre-diagnosis

xAl.Med. | 2021-08

AAA->CNN-54->BFit.xAIM.2021 477




DP 1: Class information.

Problem description

Ul design exzmple

The user needs to know:
- A description of the class
- The prevalence of the class

Problem The user needs to know:
description - A descripeion of the class
- The prevalence of the class

UT design
example

€O55 Name: Mirlam de Jong Gender: F  Date of birt

Suggestec pre-diagnosis: Attention-deficit/hyperactivity disorder {ADHD)

Disorder

Attention-deficit/hyperactivity disorder (ADHD) is a disorder marked by an ongoing
pattern of inattention and/or hyperactivity -impulsivity that interferes with functioning
or development.

Prevalence

The prevalence of ADHD in children {below the age of 18) in the Netherands is
estimated at 2.9%. 75% of childrer with ADHD are male and 25% are female. The
prevalence of ADHD ir adults is estimated at 2.1%.

-01-2013 (7 y/0)

DP 2: Awvailable/relevant information

Problem description

The uzer needs to know:
- The information that iz used to make the clamification
- The ixformation that iz relevant in making this type of clasification

Ul dezign example

Problewm The user needs to know:
description - The infon n that 15 used to meke the classification
The information that is relevant in making this type of classification

Ul design

example

Date of birth.: 01-01-2013 (7 y/a)

Suggested pre-d - Attention-deficit/ hyperactivity disorder [ADHD)

Awailable Information In this case

Patient demographics

GEmder

SIS

Age
AVL

AVL parent 1

AVL parent 2

AVL teacher

AVL other

XX S

500

500 parent 1

SO0 parent 2

500 teacher

X |X|X[L

500 other

xAl.Med.

2021-14
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XEGK (explainable ensemble Gaussian kernel) model
with SHAP feedback

(1%s,.mvs,)

xAl.Med. | | 2021-14

ensemble analysis

0.91 gg0.91
__loo 0.88 0.810.810-84 0.840.830 81 0.88p.860.89
2 0.80 0.65
& ’ 0'570.61 :
o 0.60 | .
o
S 0.40
S
o 0.20
& 0.00
£ MNIST(first1000) Fashion MNIST Cluttered Cluttered MNIST(first500)

MNIST(12000)  MNIST(first1000)

M deterministic feature representation
® Standardized Softmax Log Likelihood

m Standardized Softmax Log Likelihood + deterministic feature representation

FairLens
Tool for auditing a clinical decision support system

Unknown training
data sampled from

unknown settings ~—
Human expert Decision on
ML model Auditor model adoption
Auditing data "
from healthcare
facility ey
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xAl.Med. | 2021-30

FairLens pipeline: a tool to support human experts

[&=

e

Q= ECgES
=

which health conditions are more often misclassified
why

xAl.Med. | | 2021-15
Simple generalization in pseudo-code for a counterfactual explanation

IF 2-Hour_serum_insulin_level ==" I3
THEN print “If your 2-Hour serum insulin level was” &
“, you would have score of 0.51"
ELSE print “Your 2-Hour serum insulin level is not” $2-Hour_serum_insulin_level

“, please see your doctor.”

xAl.Med. | | 2021-16

Method- flow

AAA->CNN-54->BFit.xAIM.2021 480



Risk stratification &

Patient recruitment Machine learning model Model interpretation !
= treatment adaption

000 XGBoost Variable importance score Survival curve
1I||IT A e — + Highrisk group
raimng se sosed0se LYY —

n =847 — 2

—
Evaluation — +
000 * C-index

m} * ROC analysis Variable cffect

Internal validation set
n =400

pr— « Low-risk group

_‘ pe Treatment = ICT+CCRT— CCRT

000

External validationset | |[~~7T~ 7~~~

n =39 R o

8 XGBoost, EXtreme Gradient Boosting; 8 ROC, receiver operating curve;
8 DCA, decision curve analysis; & ICT, induction chemotherapy;
& C-index, concordance index; & CCRT, concurrent chemoradiotherapy;

Health-care

xAl.Med. | | 2021-29
HealthXAI architecture
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e
B

anomaly
feature vectors

e

REMOTE
HEALTHCARE 6
CENTER :

\
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Clinical
dashboard

L.. *; 0l I||

A

ll--'

Yy

anomaly level
and scores —explanations

A

Al

Clinical
indicators of
subtle
inefficiencies

Clinical
indicators of
overt errors

personalized [ -
dataset D, Anomalies af Ot aly
of activities feature = t“'e
and actions extraction | V€<'Or
D,

Y

[ 1]

Computation of

activity scores

anomaly level and

regression

behavioral and locomotion anomalies

(Knowledge-based anomaly refinement

7|

behavioral anomalies,
activity instances
#

%

locomotion

anomalies
N

behavioral and
locomotion

anomalies

Clinical
indicators of

Detection of
behavioral
anomalies (DOBA)

Detection of
locomotion
anomalies (DOLA)

locomotion
anomalies

7

A A ?

) 1

trajectories

- activity instances, |
2 actions, sensor events Trajectory data
ensor L | L .
" cleaning and
Mocabulany L nf tion HealthXAl
and segmentation Sepmariane
Position and recognition ) | A 3K y
table A A )
sensor event records
—>( Semantic integration layer J
A A A
raw sensor events
SMART-HOME ( Stream processmg software platform
SENSOR
ITEM DOOR
INFRASTRUCTURE CPOSITION SENSORS) (SENSORS) SENSORS
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Lookup table of HealthXAl modules and data structures.
Module [ data structure

Activity instances and actions

Activity segmentation and recognition

Al explanation

Anomalies feature extraction

Anomaly feature vector

Anomaly level and scores

Behavioral anomalies

Clinical indicators of locomotion anomalies
Computation of anomaly level and activity scores
Detection of behavioral anomalies (DOBA)
Detection of locomotion anomalies (DOLA)
Knowledge-based anomaly refinement
Locomotion anomalies

Overt errors

Personalized dataset D, of activities and actions
Regression model

Semantic integration layer

Sensor event record

Sensor vocabulary and Position table
Stream processing software platform
Subtle inefficiencies

Trajectory data cleaning and segmentation
Trajectory segments

XAl

xAl.Med. | | 2021-29

learned model of a random tree used for the prediction of the anomaly score of an activity

Omissions < 2.5
mse = 1.505
samples = 2102
value = 1.881

True False

Perseverations = 0.5 Omissions = 7.5

/

mse = 1.43 mse = 1.047
samples = 2062 samples = 40
value = 1.841 value = 3.95

Pacing = 0.5 Reach-touch = 0.5 Lapping = 5.5
mse = 1.334 mse = 2.026 mse = 0.845
samples = 1854 samples = 208 samples = 39
value = 1.787 value = 2.322 value = 4.026

A
mse = 1.33 mse = 0.222 mse = 1.986 mse = 3.188 mse = 0.845
samples = 1851 samples = 3 samples = 204 samples = 4 samples = 34
value = 1.0 value = 3.667 value = 2.304 value = 3.25 value = 3.912

v"Input: feature vector of the patient’s activity
o Starting from the root
0 Regression algorithm evaluates the rules conditions based on the feature vector of the
patient’s activity
o Ifthe condition is verified, it evaluates the condition of the left child;
0 Otherwise, it evaluates the one of the right child.
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0 Mechanism repeated until a leaf is reached.
v OutPut :Leaf contains predicted value
xAl.Med. | | 2021-29
Tables of HealthXAl database
scores_predictions tasks
/" patient SMALLINT e ¢/ patient SMALLINT Z
activity SMALLINT ¢/ time  TIME(6) WITHOUT TIME ZONE
predicted_score  NUMERIC(6,4) J task  SMALLINT
explanation CHARACTER VARYING(500) activity SMALLINT s
/ . = —
diagnosis_predictions
/
scores \\ / patient SMALLINT o
patient SMALLINT /‘ A b predicted_score  NUMERIC(8,3)
o activity SMALLINT \ / explanation CHARACTER VARYING(1000)
score  SMALLINT \\ ( / /// i
N / / anomalies
- S N\ / // ' patient SMALLINT 7
participants_activity_anomalies ~ N / b il
Ny ir/ // Action addtions SMALLINT
by Secone =l . Anticipation omissions  SMALLINT
Antv|cmvahon omissions SMALLINT p Oniasions SMALLINT
LI LI ¢ patient_id SMALLINT —— Perseverations SMALLINT
Perseverations SMALLINT _—r diagnosis SMALLINT /' Resch-touch SMALLINT
Reach-touch SMALLINT ) 7 -
Pacin SMALLINT / 7 “* R\ (e ST
- A A ‘ \\ Lapping SMALLINT
Lagping AL / r \ Random walk SMALLINT
/
Ran.dom walk SMALLINT / / / ! .\\ Jerk NUMERIC(10,2)
i ""_"_"' SMALLED > J/ // [ \ Straightness NUMERIC(10,2)
activity_type SHIALLETY // / ‘ \ Sharp angles NUMERIC(10,2)
Average jerk NUMERIC(10,2) / // | \\
Average straightness NUMERIC(10,2) /' // " . R
Average sharp angles  NUMERIC(10,2) / \ trajectory_anomalies
Duration NUMERIC(10,2) ,/ | patient_id SMALLINT P
/" / IA trajectory_number SMALLINT
. / | start_time TIME(6) VITHOUT TIME ZONE
‘ end_time TIME(6) WITHOUT TIME ZONE
activities y -
7 L JI pacing SMALLINT
patient  SMALLNT / Ve ‘ length NUMERIC(S 2)
¢ activity_type  SMALLNT p 7 “ sharp_angles SMALLINT
start TIME(E) WITHOUT TIME ZONE ’ aiteictness SMALLINT
end TIME(E) WITHOUT/TIME ZONE [ jerk SMALLIT
| =
/ lapping SMALLINT
/ |
/ !
/
¥ events
diagnosis_types o patient SMALLINT Va
D e e o time  TIME(E) WITHOUT TIME ZONE
description CHARACTER VARYING(50) sensorfCIMACTER VARGHD) 7
value  CHARACTER VARYING(20)
xAl.Med. 2021-29
HealthXAl dashboard---screenshot
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Search ID: Person nu... (1) ~

Actual diagnosis:
MmcCl

HealthXAl

HealthXAl
PREDICTION:
Explanation: The subject performed more than 1

Anticipation omissions, but less than 8 Omissions, and less
than 2 Action additions.

Dept. of
Mathematics and
Computer Science,
University of
Cagliari, Italy

Level of person’s anomaly

34%

Dept. of Geo-spatial
Information System,
K. N. Toosi University
of Technology, Iran

Number of subtle and overt anomalies in the day

I Action additions
| Reach-touch

I Omissions [ Perseverations

[ Anticipation omissi...

20

Person number 191

about | i lies in the day

I Norm. jerk
| Pacing

B Norm. sharpang.. [l Norm. straightne.. Il Lapping

Person number 191

Locomotion anomalies

. Number of lized ber of lized of lized j
: s )] y
SERICHNS R NCltime R ation (i) SRR ESO 0T LI i & LS straightness sharpangles  sharpangles Jerk picture
10:39:13 10:59:10 20 505.8 3 64 01 54 27 32 show
1=T0 4 >
Activity anomalies
Anomaly level of activities Reach-touch subtle anomalies
Anomaly Touched
Activity level Explanation Hem Activitiy
Sweep the kitchen and dust the 68.86% The subject performed more than 2 Omissions, but No data
living room. less than 6 Omissions, and less than 2 Pacing.
Obtain a set of medicines and a 0.00% The subject performed no Omissions, and no Pacing.
weekly medicine dispenser, fill as
per directions.
Write a birthday card, enclose a 0.00% The subject performed no Omissions, and no Pacing.
check and address an envelope.
1-8/8 ¢ >

Anticipation-omission overt anomalies Perseverations overt anomalies
Activity Previous task Next task Number of

Activity Task repetitions
Prepare a cup of soup using the Participant pours water into Participant boils water in
microwave. cup of noodles microwave Wash and dry all kitchen countertop surfaces. Participant wets the sponge 94
Prepare a bowl of oatmeal on the Participant puts sugar in Participant puts oatmeal into
stovetop from the directions given in  oatmeal pot:
tack 17

12373 & > ez N T

Action-additions overt anomalies Ommisions overt anomalies
Task Current Activity :l :E’l;:; :f Activity Missed task

Sweep the kitchen and dust the living room. Participant retrieves dust pan and brush from closet

No data

Sweep the kitchen and dust the living room. Participant uses dust pan and brush

Sweep the kitchen and dust the living room Participants returns dust pan and brush to supply c...

Pick a complete outfit for an interview from...  Participant chooses correct outfit from closet:

1-5/5 ¢ >

xAl.Med.

2021-29
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Questionnaire for our user study.

# Measure Statement

s1 UTR I have the feeling of trust in the system without explanations regarding its prediction of the overall cognitive status.

S2 UTR I have the feeling of trust in the system without explanations regarding its prediction of the anomaly level of activities.

S3 HMTP The system without explanations would help me providing a more accurate diagnosis than the one I would provide without the
use of the tool.

sS4 HMTP The system without explanations would help me completing the assessment in less time.

S5 ES Explanations are easily understandable.

S6 ES Explanations are detailed enough.

S7 ES Explanations are not lengthy.

S8 ES Explanations are useful to understand the reason for the system’s prediction.

S9 ES Explanations are necessary to understand the reason for the system's prediction regarding the overall cognitive status

510 ES Explanations are necessary to understand the reason for the system's prediction regarding the overall anomaly level of activities.

511 ES Explanations help reducing the learning time on the system.

S12 ES In general, I am satisfied with the explanations provided by the system.

513 UTR I have the feeling of trust in the system with explanations regarding its prediction of the overall cognitive status.

S14 UTR I have the feeling of trust in the system with explanations regarding its prediction about the anomaly level of activities.

515 HMTP The system with explanations would help me providing a more accurate diagnosis than the one | would provide without the
use of the tool.

516 HMTP The system with explanations would help me completing the assessment in less time.

517 UTR The explanations would help me deciding whether the prediction of the system is correct.

Framework--xAl

xAl.Med. |

| 2021-04

input image
I

—
]
e
X
el

ExplAl framework

L2-norm loss

I c’ce(f)

piniaia ' ~lusi
“occlusio;

cross-entropy loss
e ”

N image-level
predictions

occluded image
“top activation”

o

i

] / L1-norm loss

N image-level
; ground-truth
M — 1 foreground labels
L / probability maps |
e '

\
image

A\ N image-level
“top activation”

predictions L

cross-entropy loss

P |
“background
probability map

M pixel-level prediction maps
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Segmentation

xAl.Med. | 2021-13
Computational segmentation

(c) ResNet50
o0 TP samples (black)
0 ground truth delineated area (red) over (a) AlexNet, (b) SqueezeNet, (c) ResNet50,
(d) VGG

0 Every segmented sample is related to the best XAl interpretation technique obtained for the
respective CNN architecture

xAl.Med. | 2021-13
MICCAI dataset
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Gt

(c) ResNet50

MICCAI samples (black)
Ground truth delineated area (red) over (a) AlexNet, (b) SqueezeNet, (c) ResNet50,

(d) VGG
Every segmented sample is related to the best XAl interpretation technique obtained for the

respective CNN architecture

Explainability

Interpretability
xAl.Med

113

Expl(Figures-information-rules-scripts-Tables)

CGEIEIEEXAl tools(OPIUM(Data))

AAA->CNN-54->BFit.xAIM.2021

488




Model Quality Manitaring Search Space Exploration

Data Shift Seoring Comparative Analytics

s g
Wodal State on (g e}
ML LM m ML =

Input Madel * Qutput

e | 1

e =]

Propertles i ol s ccvman) T, Tasks
fl'j sty of svodel tietan (4] alatreonies | aiedel o e g
f.?] s e modwlanate (1) dupandvaiy dain, model, dunen

[l
Data =3
Understanding i

KAl

m/
= —

wpilanatian

s | r5|| + ‘ [ Ilnth:::lln\'\:.\ll‘hlllr.lllmll
ternal _r, ¥Alnput W) KAIMethod W) XAIOutput s
Resources o tramcition funshiang
|sepaerient changes in ML,
:uﬁ:,uir:lx\d.ﬂu"

Llagnosis
LH

v

finement
1ML

Explainer

XAl Strategies Knowledge Ganeratien Provenance Tracking Reperting & Trust Building

v" OPIUM : Operators Input oUtput Model;
v’ Operators: [Numeric, Logical, Algebraic, symbolic}
v’ Data :{Numeric, Images, Literal, Boolean}

XAl Med. 2021-16
| |

Variable importance-- model XGB-C
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v Tv, volume of the primary tumor;
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Ta, maximum cross-sectional area of the primary tumor;

Ld, vertical dimension of the reginal lymph nodes;

LDH, lactate dehydrogenase;

Lv, volume of the reginal lymph nodes;

La, maximum cross-sectional area of the reginal lymph nodes;
Td, vertical dimension of the primary tumor;

EBV DNA, Epstein-Barr virus DNA;

BMI, body mass index.

xAl.Med. | | 2021-16

Variables

Kaplan-Meier curves of DMFS, PFS and OS stratified by low- and high- risk group
Tv A

Ta -

Ld -
L.DH -
Lv ~

La -
Lv/Tv A
N stage -
Td A
Ld/Td A
La/Ta 4

Variable Category

MRI-based tumour
burden features

. Cancer stages

Age - . Other clinical features

In(EBV DNA) -
Clinical stage -
BMI -

Sex A
T stage

0 0.05 0.10 0.15
Importance score

'O-

0
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Interpretation of model XGB-C
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(G) A patient in high-risk group higher 2 lower
base value output value
0.154 0.196
0.10 0.12 0.14 0.16 0.18 | 020 0.22

Lv/iTv=0.87 BMI =

27.78 kg/m*

Ld=
17.60 em

(H) A patient in low-risk group

0.08 0.10

Clinical Ld/Td=1.60 |La=8.34 cm?| Lv=67.94 cm’ Ta=17.63 em?’ LDH= N stage=1
stage =4 168.20 U/L
higher & lower
output value base value
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0.12 | 0.14 |

) )

Tv =96.09 cm*

In(EBV DNA) = 12.83

Ta=19.55 cm? Lv=15.52 cm® Ld=847cm

164.20 U/L

I push the relative risk higher

LDH = | La=3.76 cm?

N stage= 1

I push the relative risk lower
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xAl.Med. | 2021-03

Visual explanations from

Guided-
Input MRI Ground-Truth Backpropagation Grad-CAM Ours

7
radpr

xAl.Med. | | 2021-13

Prediction interpretation

AAA->CNN-54->BFit.xAIM.2021 492




i
227257 %3

55x55x96

13x13x 384

Conv, Conv,

(a) AlexNet

13x13x268

c
2
K]
k]

2
a

Conv, FCBlock

Fire Module

Max
Pool
3x3

FireBlock,

(b) SqueezeNet
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Stage 1
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Stage 2
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(c) ResNet50
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(d) VGG16
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Prediction

xAl.Med. |

| 2021-14

Channel-wise method
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XAl.Med. 2021-14

two kernels cancel each other out
'y

T >
1”2
xAl.Med. | 2021-14

Explainable ensemble Gaussian kernel model
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xAl.Med. | 2021-03

Subject
Brats18_CBICA_AXQ_1

Tumor region Dice loss

Ground Truth Predicted ;
segmentation segmentation Non Eunnflz?CIng 0.9999979

| b _
VAC P : ‘ » Edema 0.27801645

/ Enhancing

/ Tumor 0.49652845
l \{ ¥ _
Saliency map of Saliency map of
Enhancing Tumor Non-Enhancing
Tumor

Failure modes of the network

v’ Ground Truth and Prediction images --— Red: enhancing tumor ; sea green: non-enhancing tumor
v" saliency maps ---- Red represents high attention; Blue low attention:

xAl.Med. | 2021-03

Interpretability pipeline
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Input MRI patch
4x128x128x128

4x128x128x128

N2

32X64X64%64

Channel X Height X Width X Depth

128%32x32x32
256X16X16X16

256%16%16%16

384x8%8x8

2 S~ B

6X32%32X%32

—
25
—

4x128x128x128

128%64%64%64

<
XX ZAXIEE
<

|

conv 3X3x

3,stride=2 [___] DMF unit,g=16 [ MF unit, g=16 [ 2% upsample; MF unit. g=16 [___] conv 1%]x1, stride=1: softmax

Pre-trained DMFNet
400 epochs with a batch size of 2 l

Predicted weights of
segmentation layer

(Tseq)

Vvis_map += A * Tseg

Activation maps of
convolution layer (A)

interpolation

Reshape using spline

Output segmented patch
4x128x128x128

ke

Saliency Map of last
convolutional layer

Brain tumor segmentation model

Pixel level. xAl

xAl.Med.

2021-04

. Pixel-level predictions for images
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(a) 7

(f) P3

(i) exudates (k) exudates

(m) microaneurysms (0) microaneurysms

Q) Ps (r) Ps
EfficientNet-B5 backbone; M = 6 pixel-level labels

xAl.Med. 2021-
04

Color-coded pixel-level predictions for images
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EfficientNet-B5 backbone; M = 6 pixel-level labels

xAl.Med. | | 2021-13

Explainable Al heatmaps
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(c) Integrated gradients (d) Input x adiets |

(e) Guided backpropagation - (f) DeepLIFT

0 Colors of attributes range from blue (not discriminative) to white-green (discriminative)
0 Related to their impact on the target’s class prediction
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