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Introduction i) BARCELONA

Today
Confusion with Today’s Al Black Box
e = *  Why did you do that?
Black-box " ecision ‘ ‘. *  Why did you not do that?
model HACUSHE - AR *  When do you succed or fail?

* How do | correct an error?

Aleix Nieto Juscafresa An introduction to XAl with LIME and SHAP June 29, 2022



Introduction Machine learning Random forest Regression Explainable artificial intelligence Conclusions

NIVERSITAToe

Introduction il BARCELONA

Today
Confusion with Today’s Al Black Box

N 2 * Why did you do that?
Black-box Prediction Decision X ‘. «  Why did you not do that?
model L *  When do you succed or fail?

* How do | correct an error?

Explainable Al lainabl
(XAI) Explainable Al

Clear & Transparent Decisions

N | understand why
Black-box Decision ° E | understand why not
Prediction ‘; | know why you suceed or fail

model Explanation' | understand, | trust you more

v
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Machine learning 1l BARCELONA

Machine learning

Application of artificial intelligence dedicated to the creation of algorithms that allow
systems to learn without human intervention.

SUPERVISED UNSUPERVISED SUF>SI§F|{\<|/II—SED REINFORCEMENT
LEARNING LEARNING LEARNING LEARNING
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Terminology i) BARCELONA

X = (X1, ) X4) X1 X7 X3 X4 y

Y

Dataframe

Instance (x,y)

\ 4

Age = 56 Gender = F BMI = 30 |Stroke = yes | Diabetic = yes

A

Prediction y
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labeled data algorithm prior knowledge

features
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Machine learning model learning stages i) BARCELONA

labeled data algorithm prior knowledge

e )
Loss function

L:YXY — R+

Ly,y') =Ly
\

features
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Machine learning model learning stages i) BARCELONA

labeled data algorithm prior knowledge

/Loss f nction\

featu res u
£:YXY — R+

L(y.y') =Ly

CIYI €= hyperparameter \_
tuning

T

| Cross validation |
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labeled data algorithm prior knowledge

/Loss f nction\
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tuning
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| Cross validation |
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Decision tree T BARCELONA

Instance (x,y)

X<X) | === === = Level 0
YES NO
y<Y, x<X,] «=-=-= Levell

YES| NO YES| NO
/A A A i
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Random forest 1l BARCELONA

Il ® ® ® ® | + (features)

)l © ®@ @ ® | + (features)

I’} © ® ® ® | + (features)

Initial dataset M bootstrap datasets Deep trees fitted on Random forest
+ each bootstrap sample (ensemble model)
and considering only
randomly selected features selected features

flx) = argmaX( % ﬂ{gm(x)k})

ke{1,...K} \m=1
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Linear regression T BARCELONA

Optimisation problem

n 14 n
arg min Z(yi — (Bo + Zﬁ]-xij))z = arg min 2612
BorBy i=1 = BorBy i=1

Aleix Nieto Juscafresa An introduction to XAl with LIME and SHAP June 29, 2022



Introduction Machine learning Random forest Regression Explainable artificial intelligence Conclusions

E%S] UNIVERSITAT e

Linear regression T BARCELONA

) 4

p
Y:JC(X)JF‘:“Zﬁ(ﬁrZﬁijJrf:‘J C = Elee’] = o*I
=1
(0 0 0)
Optimisation problem c_ |07 0
n p n . . T .
argmin ) (y; — (Bo+ )_ Bjx;j))? = argmin ) & 0 0 ... 0
Bor-iBp  i=1 j=1 I BorfBp i1 k \ ) /

Model assumptions

* Linearity  Absence of multicollinearity
 Normality * Fixed features
* Independence e Homoscedasticity
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Welghted linear regression ) BARCELONA

P
Y =f(X)+€ =po+ ) Xipj+€
j=1
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Welghted linear regression ) BARCELONA

Y = f(X)+€e = 50+£X]'16]’+€*)
=1

)

Optimisation problem

n P n
argmin ) w; (yi — (Bo + )_ Bjxij))* = argmin )
Bo,Bp =1 j=1 Bo,Bp i=1
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Welghted linear regression ) BARCELONA
p 2
Y:JC(X)‘|"5>I<:160—f—Z{)<]'1(3]'+6,‘>'<7 / (C;l O?% g\ \

= J R IFE
\0 0 ... 07/ B )
Optimisation problem (w0 0 ... o\[wf_l/"fj
» p " W— 0 w, ... 0
' i (y; — s X 2 _ ' 1>_l<2 S ST
a;;sn’;n;w (vi — (Bo Eﬁ;x])) aggsrr;n;f? o 0 . ) y

Violation of homoscedasticity

Weighted linear regression uses different weights for each observation based on
their variance. A small error variance observation has a large weight since it includes
more information than a large error variance observation, which has a small weight.
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i=1

n P
{ RSS(B) = ) _(yi — (Bo+ 21 5jxij))2}
j=

L asso regression (L1 regularisation) Ridge regression (L2 regularisation)
A 4 4
ﬁlusso = argmin {RSS(ﬁ) + A Zlﬁ]| } Bridge = al‘gmin{ RSS(B) + A 21812 }
(Bo,--Pp) ER™ j=1 (BorBp) j=1
N—— ——
Penalty term Penalty term
It tends far more to drive small It pushes down big weights than
weights to 0. tiny ones.
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What is explainable Al? ol BARCELONA

Explainable artificial intelligence

Set of techniques that either produce more understandable models keeping high
levels of performance or provide external tools to better understand the models that

are inherently not interpretable.
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XAl taxonomy 1l BARCELONA

Agnosticity Scope — Tl

Explaining the whole
model

Applicable to
all model types

Only applicable to a - Explaining individual

specific model type predictions

Data Type

Explanation Type

Feature importance

Data points Surrogate models
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LIME optimisation problem i BARCELONA

G(x) = argmin L(f, g, 7x) 4+ €)(g)
e
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G(x) = argmin L(f, g, 7tx) + O(g)

A

geG

= H—\;d—» number of features

Age = 56 Gender = F BMI = 30 Stroke = yes
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LIME optimisation problem i BARCELONA

G(x) = argmin L(f, g, 7tx) + O(g)

A

g§eG /

Complex model
f:R* > R |
Simple
interpretable
model
= H—\;d—» number of features

Age = 56 Gender = F BMI = 30 Stroke = yes
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LIME optimisation problem i BARCELONA

G(x) = argmin L(f, g, 7tx) + O(g)

A

Complex model

cG /
g/

Family of f: RY 3 R |
interpretable | Simple
models interpretable
model

= H—\;d—» number of features

Age = 56 Gender = F BMI = 30 Stroke = yes
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LIME optimisation problem i BARCELONA

¢(x) = argmin L(f, g, 7tx) + (U(g)
gE/G / \

Complex model Neighbourhood of x
Family of f: RY 3 R |
interpretable | Simple
models interpretable
model

= H—\;d—» number of features

Age = 56 Gender = F BMI = 30 Stroke = yes
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LIME optimisation problem i BARCELONA

¢(x) = argmin | L(f,g, 7x) +2(Q)
gE/G / \

Complex model Neighbourhood of x
Family of f: RY 3 R |
interpretable | Simple
models interpretable
model

= H—\;d—» number of features

Age = 56 Gender = F BMI = 30 Stroke = yes 2 LOSS TERMS
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@ ® No Diabetes
@ Diabetes
® o
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[
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Complex non—linear model
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{(r) = argmin | L(f, g, 7z )|[+|2(g)
ged

Train a weighted, interpretable model on the dataset with the perturbed instances

W L(fgm) = Y ml(2) (f/(z)—g(z{)g

Complex model Simple model
prediction prediction
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Loss terms ] BARCRIONA

{(r) = argmin | L(f, g, 7z )|[+|2(g)
ged

Train a weighted, interpretable model on the dataset with the perturbed instances

W L(fgm) = Y ml(2) (f/(z)—g(z{)g

Complex model Simple model
prediction prediction

2 Q(g) ?
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Loss terms ] BARCRIONA

{(r) = argmin | L(f, g, 7z )|[+|2(g)
ged

Train a weighted, interpretable model on the dataset with the perturbed instances

W L(fgm) = Y ml(2) (f/(z)—g(z{)g

Complex model Simple model
prediction prediction

(2) Q ( g ) LIME uses sparse linear models (K - LASSO) | B = argmin { RSS(B) + /\fw }
j=1

(Bo,--Bp)ER™
|
Penalty term
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LIME limitations 0l BARCELONA

* Neighbourhood
* Non-linearity
* Improbable instances

* |nstability
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Contribution
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What is a fair distribution?

T

Contribution

CODING
COMPETITION

—
$

kaggle
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What is a fair distribution?

T SHAPLEY VALUES

Lloyd Shapley
(1951)

Contribution

CODING
COMPETITION
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Shapley values ol BARCELONA

Team

What is a fair distribution?

T SHAPLEY VALUES

Lloyd Shapley
(1951)

IS|I!(IN| =[S =1)! -
= , (v(SU{i}) —v(S))
- SCN\{} IN]!

Contribution

CODING

COMPETITION

kaggle

Aleix Nieto Juscafresa An introduction to XAl with LIME and SHAP June 29, 2022



Intro -
duction
Machine learnin

Random forest

H A P Regression

Explai ifi
plainable artificial intelligence

Conclusions

UNIVERSITATbe

BARCELONA

" A Unified Approach to Interpreting Model
1 Predictions '

Additi 0 0
| Scott M. Lundberg Su-In Lee
\ paul G. Allen School of Computer Science paul G. Allen School of Computer Science
'\ University of Washington Department of Genome Sciences 1
Seattle. WA 98105 University of Washington
| slund1@cs .washington.edu Seattle. WA 98103

suinlee@cs- washington- edu
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exPlanations

Abstract

L'm\v:r\l;u\xhug why a model makes @ certain prc«\iclinu can be a8 crucial as the L
prcnh(um\'\ accuracy 10 many applications- However. the highest accuracy for large \i

moderm datasets i often achieV ed by complex models that even experts struggle 10
interpret. such as ensemble oF deep learming models. creating 4 (ension between
accuracy and mm‘lvrvmhilir\, In response. various methods have recently been

pr«\p\\\cd 10 help users interpret the prcd'\clium of complex models. but itis often \
unclear how these methods are related and when oné method is prclcmhlc over \
another. To address this problem. we present & unified framework for interpreting 1
\ predictions. SHAP (SHapley Additive C\!’l;um\'\unw. SHAP assigns each feawure 'g

\C.\/\\\

~

an importance value for & \\;\mc\\\.xr prediction- Jts novel components include: (1)
the identification of anew class of additive feature importance measures. and (2)

{heoretical results showing there is & unique solution in this class W ith a set of |
desirable ‘\[\\‘\Cl’lit\. The new class unifies SIX existing methods. notable because \
everal recent methods in the class lack the pmpmcd desirable properties- Based \
on insights from this unification. W€ present new methods that show |mprmcd 1
cmupul;\lium\ pcn'nm\uucc and/or better consistency W ith human intuition than
previous uppm.\chc\

05.07874y
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Properties
e Missingness

x;:()igbi:o
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e Consistency

Let fx(2') = f(hx(z")) and z’\i denote setting z; = 0. For any two models f and f":

vz €{0,1}7, fi(2) - fr(2\i) = fr(2) — fx(Z\i) = ¢i(f', x) = ¢i(f, %)
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Attribution methos satisfying properties 1, 2, 3 ) BARCELONA

p
g(xX) =0+ ) ¢ix;
1=1

Theorem Only one possible explanation model g follows additive feature attribution meth-
ods definition and satisfies Properties 1,2, and 3:

o) = Y EEPZEIZD e oy p )

!
z/Cx! p-
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bi(fiey= S EEMZI =Dl oy p i

‘ 2/ Ca!

Shapley value
for feature i

Aleix Nieto Juscafresa An introduction to XAl with LIME and SHAP June 29, 2022



Introduction Machine learning Random forest Regression Explainable artificial intelligence Conclusions

Calculating Shapley values i BARCELONA

bi(f,0) = ) i Fo(2') = fol2'\ D)

‘ 2/ Ca!

Shapley value
for feature i

Aleix Nieto Juscafresa An introduction to XAl with LIME and SHAP June 29, 2022



Introduction Machine learning Random forest Regression Explainable artificial intelligence Conclusions

Calculating Shapley values i BARCELONA

Black Box model

\ 2! — 2] = 1)!
ou(fay= 3 BEE 2 LZ D g ) - g

‘ 2/ Ca!

Shapley value
for feature i
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Black Box model  |nnyt data point

NS S~ [ = |2 - 1)

[f:zt(z,) o fac(z/ \ 7’)]

Shapley value
for feature i
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Black Box model  |nnyt data point

NS S~ [ = |2 - 1)
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Shapley value
for feature i

x =| Age = 56 Gender = F BMI = 30 |Stroke = yes
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Black Box model  |nnyt data point

NS (M — |2'] — 1)
wa (/)= Y L e

[fa:(zf) o fac(z/ \ 7’)]

‘ 2 Ca’
Shapley value Simplified
for feature i data input

x =| Age = 56 Gender = F BMI = 30 |Stroke = yes
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Black Box model  |nnyt data point
P 2IN(M = [2'] — 1)
2 i

[fa:(zf) o fac(z/ \ 7’)]
| 7N

Shapley val_ue Subset  Simplified
for feature i data input

x =| Age = 56 Gender = F BMI = 30 |Stroke = yes
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Black Box model  |nnyt data point

Age = 56 | Body Mass Index = 30

NN/ o 2 — 1) \
‘ e A A R AT
z' Cx’ ' \

/N

Shapley val_ue Subset  Simplified
for feature i data input
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Age = 56 | Body Mass Index = 30
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Calculating Shapley values i) BARCELONA

Black Box model  |nnyt data point

Shapley value Subset  Simplified Weighting

for feature i data input

x=| Age = 56 Gender = F | BMI = 30 |Stroke = yes
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Black Box model  |nnyt data point

~ ’
________________________________

Shapley value Subset  Simplified Weighting Contribution

for feature i data input

x=| Age = 56 Gender = F | BMI = 30 |Stroke = yes
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Black Box model  |nnyt data point

2! Capl S R M J
/ \ \'I \\'I
Shapley value Weighting Contribution

Subset Simplified

for feature i data input ‘ ‘

x=| Age = 56 Gender = F | BMI = 30 |Stroke = yes
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56 Gender = F BMI

.S
Q
0

I

30 |Stroke = yes

SUBSET

| Age = 56 Gender = F BMI

30 |[Stroke = yes
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Age = 56 Gender = F BMI = 30 |Stroke = yes
SUBSET
| Age = 56 Random BMI = 30 Random

Aleix Nieto Juscafresa An introduction to XAl with LIME and SHAP June 29, 2022



Introduction Machine learning Random forest Regression Explainable artificial intelligence Conclusions

| .
7

%S| UNIVERSITAT e

Calculating Shapley values i) BARCELONA

2" = total number of subsets of a set of sizen
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Calculating Shapley values i BARCELONA

2" = total number of subsets of a set of sizen

4 features: 64 total coalitions to sample

32 features: 17.1 billion
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Shapley kernel
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Shapley kernel theorem {1l BARCELONA

Q(g) =0
N M—1
e (2) = (M)|z’|( |Z,|), C E(x) :argngin/l(f,g,ﬂx)‘FQ(g)
g€
L(f 8 mx) Z;g,[f — 8] o ()

Kernel SHAP = LIME + SHAPLEY VALUES
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SHAP limitations 0l BARCELONA

* Computational cost
* Access to data

* Feature dependencies
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LIME and SHAP application - BARCRLONA

Step by step

* Diabetes public tabular database

* Random forest fit with this database

* LIME and SHAP explanations
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Feature Value Weight LIME local feature importances
GenHith -0.191825
HighBP -0.151779
HighChol 0.109313
HeartDiseaseorAttack -0.081861
HvyAlcoholConsump 0.080394
Age 0.074182
BMI 0.060582
Diffwalk 0.052797
Income 0.046733
Stroke -0.029359
Gender -0.023914
Education 0.023293
PhysHlIth -0.007371
PhysActivity 0.005999
Fruits -0.005114
MentHlIth -0.004775
NoDocbcCost 0.003120 |
Smoker -0.000084 |
CholCheck 0.000000 I No diabetes (0.46) |
veggies QU] || e Dibetes (0.54) |
AnyHealthcare 0.000000 |
-0.20 -0.15 -0.10 -0.05 0.00 0.05 0.10
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SHAP explanation {1l BARCELONA

higher Z lower

f(x) base value
0.3044 0.4044 0.54 0.6044 0.7044 0.8044 0.9044 1.0044
Age =11 BMI = 33 ' DiffWalk = 1 HighBP =0 GenHlth = 2 Education = 4
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Conclusion: LIME vs SHAP il BARCELONA

LIME SHAP

Supported by the Shapley val-
Theory driven Fails at being consistent. X ues theory properties and con-
sistency property. v’

Computation of marginal con-
Time expensive Time affordable. v/ tributions for all possible coali-
tions makes it time expensive. X

Requires the training set for
generating the background set
that will be used to train the
surrogate model. X

Does not require the training
Require training data | set for fitting the surrogate
model. v/

Can provide what-if explana- | Cannot provide what-if expla-

What-if explanations tions. v nations. X

Improbable instances may be | When imputing omitted fea-
Improbable instances | generated when obtaining | tures, improbable instances
perturbed instances. X may be generated. X

Kernel width can make it un- | Its strong theoretical properties

Instability stable. X makes it stable. v/
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Conclusion: Summary 7l BARCELONA

* Detalled insight into the theory behind random forest
* Formalise and unify the theory behind LIME and SHAP

* Healthcare application for LIME and SHAP

Aleix Nieto Juscafresa An introduction to XAl with LIME and SHAP June 29, 2022



Introduction Machine learning Random forest Regression Explainable artificial intelligence Conclusions

Future work 7l BARCELONA

* See how LIME explanations vary depending on the kernel width
* Expand LIME and SHAP theory and application to images

* Compare LIME and SHAP explanations
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