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Context

(2) Generate neighbourhood by

(1) Spilts instanceinto perturbing the instance
e Randomly

Instance interpretables components (future ; : :
¢ Using genetics algorithms

explanation) » Using AutoEncoder
e Knowledge graph

(3) Train an interpretable
model
« Linear model (4) Retrieve explanationsto the

¢ Decision Tree user
¢ Rules

Local Interpretable Model- SHapley Additive LOcal Rule-based Anchors

agnostic Explainations ~ LIME exPlanation ~ SHAP Explanations ~ LORE (Ribeiroetal., 2018)
(Ribeiroetal., 2016) (Lundberg & Lee, 2017) (Guidoti et al., 2018)
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Instability

Same instance, same model, differentruns
= DIFFERENT explanations!

Alice:{
"Income": 52000, "CreditScore": 645, "DebtRatio":0.42,
"EmploymentYears": 3.5, "Age": 34,"LoanAmount":28000
}

— O
a REJECTED
o >

Run1: Run 2:
{ {

CreditScore <=710.61, CreditScore <=712.39,

Income <=63782.38, Income <= 65554.80,

DebtRatio> 0.18

Unrealistic neighborhoods

Random perturbations create impossible
combinations

Random perturbation might generate:

Income = $150,000 (very high)
Credit Score = 300 (very low)
Debt Ratio= 0.1 (very low)



Gradual Patterns capture data relationships:

"The more X increases, the more Y increases/decreases”

ID Income DebtRatio  CreditScore
T1 100k 0.50 1000

T2 80k 0.62 900

T3 60k 1.20 800

T4 90k 0.65 950

is a pair (i, v) in which i is one attributeand v its
associated variation, withv € {T,l}. Ex:(Income, )

Gisasetofgradualitems. G =
{(iy,v1), -, (i v }. EX:G; = {(Income,l), (DebtRatio,T)}

They are represented by a binary matrix to capture relationship
between data



ID Income DebtRatio  CreditScore
T1 100k 0.50 1000
T2 80k 0.62 900
T3 60k 1.20 800
T4 90k 0.65 950

Plt1 t2 t3 t4

t1/0 1 1 1

t2| 0 0 1 O

310 0 00 (Income, |)

t4/0 1 1 O

They are represented by a binary matrix to capture relationship
between data

represents the weight of this
pattern.

{G | sup(G) > minSupp}

Paraminer (Negrevergne et al. 2014)
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Gradual Patterns Based
Neighborhood Generation

Generate Train an interpretable
neighbourhood by model :
perturbing the instance Retrieve

. * Linear model :
instance - explanations to
* Randomly + Decision Tree
[{g[SRVEIST

« Using genetics algorithms * Rules
* Expert knowledge

| Use Graduals patterns here instead



Gradual Patterns Based
Neighborhood Generation

iven a dataset generate GP with threshold =0.7 training dataset
Decrease the threshold until i found a pattern of size 2

Algorithm 1 GP-Based Neighborhood Geneyt/i/on

Require: Instance x, Patterns G P#Blackbox f Generate neighbors by following pattern directions
Ensure: Neighborhood N(x) X'=xta-o

N0

2. for GP € GPs do

3. Select attributes iy, ..., iy of GP

4. fora € {0.5,1.0,1.5} do

5 x" « Perturb(x, (i, ...i;), @)

6 NeNU{F)))

7. end for

8 end for |\

9. return N

10



iven a dataset generate GP with threshold =0.7 training dataset
Decrease the threshold until i found a pattern of size 2

Algorithm 1 GP-Based Neighborhood Generation

Require: Instance x, Patterns GP# Blackbox f Generate neighbors b¥ following pattern directions
Ensure: Neighborhood N(x) X =xta-o

: N 10

2. for GP € GPs do Example:

3. Select attributes iy, ..., ix of GP e Instance x = {Income=$50k, CreditScore=650,DebtRatio=0.4}

1 for :or €1{0.5,10, 1‘5}, do . e Pattern G = {(Income, 1), (CreditScore, 1)}

5 x" « Perturb(x, (i, ...ig), @)

6 N — NU{(x, f(x")}

7. end for Generate variations:

E: Entd tor N [ e Positive (+1 sigma) = {Income=$54,500, CreditScore=715,

% reinrn DebtRatio=0.4}

e Negative (-0.5 sigma)= {Income=$47,750, CreditScore=618,
DebtRatio=0.4}

10



Key Properties

 Statistical significance
* Plausibility (values within observed ranges)
* Deterministic (ho randomness)

11



* Compare Neighborhood generated, execution time, stability

* Material.
Processor: Intel Xeon Silver (64 cores), 512 GB RAM runningUbuntu 22.04.4LTS

« Datasetsused

Dataset Instances Features Domain

Adult Income 48,842 14 Income prediction
German Credit 1,000 20 Credit scoring
COMPAS 4,000 10 Recidivism risk

 Models used

Dataset Random Forest XGBoost
Adult Income 0.86 0.87
German Credit 0.66 0.73

Source code

COMPAS 0.81 0.78




 Jaccard similarity

Stability = J(5,.

. *!SH}

_ N Si

un, s

Dataset
Adult 0.6 0.87 0.65
COMPAS 0.6 0.90 0.8
German 0.7 0.95 0.7

13
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Benefits:

* More coherentrules: grounded in realistic feature relationships
* Reduced search space: pattern-guided perturbations converge faster
* Higher precision : rules validated within realistic neighborhoods

Alice's Loan rejection
Income=%$52k, CreditScore=645, DebtRatio=0.42, LoanAmount =28000

LORE with genetic algorithm LORE with Gradual patterns
{CreditScore <=712.39, Income <=65554.80} | {CreditScore <=680, Income <=55000} |
"Increase Income to $85k AND DebtRatioto 0.5 AND reduce "Increase Income to $58k AND reduce DebtRatioto 0.35"

loanAmountto 27000" (contradictory)
15



Advantages:

« Deterministic explanations which ensure stability
» fastercomputation

» Realistic neighborhoods - respects data structure

Limitations:
» Currently focused on numerical tabular data
» Depends on existence of meaningful gradual patterns

16



Summary:

* Introduced gradual pattern-based neighborhood generation for XAl
* Achieved perfect stability (Jaccard = 1.0) with speedup
* Produced more realistic, trustworthy explanations

Future Work:

 Extend this work ontime-series data

17
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"Explainable Al reveals how models arrive at their predictions, but it does
not uncover the true causal mechanisms in the world."

Thanks



State of the art: GRITE

(Di-Jorioetal.,2009)

Gradual Pattern Extraction Algorithm:
L.Initialization
» Construct the binary order matrices for each attribute (i, 1) and (i, ¥)
gradPattern[ll = {gradualitem}
k=2
2.Main loop

As long as gradPatternlk-1lis not empty:  > MTAND M2
-Generate candidates: candidates = Union(gradPatternlk-11)
‘Validate candidates:.gradPatternlk] = validate(candidates. minSup)
Increment k: k +=1

3.Final result = Construct adirected graph from the
. i matrix M
Return the union of allgradPattern: return ugradPattern \

»  Calculate the length of all paths, the
maximum length is the absolute
frequency.

21



State of the art:Paraminer

(Negrevergneet al., 2014)

*Gradual Pattern Extraction Algorithm:

Compute the closure of the empty pattern L:
P < closure( L,D)

Initialize the exclusion list EL¢<o.
Explore closed patterns from P:

e C ¢ enum_clo(P,EL)

Return the set of closed patterns CC.

r— =1
|
|

AD

BD' CD

R enum-clo({D} U{C}, {A,B})

enum-clo(L U {D}, {A,B})

22



