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(@ PART 1: WHAT IS AI?

Key Points

®@ Al is everywhere: phones, cars, hospitals, banks
® Machines learn patterns from data to make decisions

& But how do they actually decide?




What is AlI?
Al is Everywhere Around Us
®® Healthcare

Security

1 Banking

™ E-Commerce

& Transport

W Agriculture o

‘a+ Social Media

= Education

A Al makes thousands of decisions about us every day — but do we understand why?
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How Does Al Learn? — A Simple View

e L :

Data Learning Model Prediction

Past examples Find patterns Trained Al New decision

“Fever + cough New patient:

& 10,000 patients

N Trained
with diagnoses

— likely flu” classifier - “Probably flu”

Al learns from past examples (Data) to make future predictions — just like we learn
from experience!
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What is AlI?
Simple vs. Complex Al Models

Income > $50k?

? Hidden Layers
CEE RN

) o e o
o 0 0.
o 10 o ©)
: O O,
© '@ O:

@ | le Model
& Black-Box Model

Easy to understand
We can read the rules!

Very accurate but...
Nobody knows WHY!
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<% PART 2: THE BLACK BOX PROBLEM

Key Points

® Complex Al models are opaque — we can't see inside

® Real consequences: denied loans, wrong diagnoses, un-
fair decisions

& Trust requires understanding




The Black Box Problem

The Black Box Problem

A

& Patient Data

Haen e High Risk
Blood pressure: High
Cholesterol: 240 Confidence: 87%
Smoker: Yes But WHY?

A The Core Problem

The model says “High Risk” but cannot explain its reasoning. Would you trust this for
your health? Your loan? Your freedom?
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Why Does Explainability Matter?

[ 1@ Trust } ‘ &6 Fairness ‘

Users need to trust Al Detect hidden bias

2 Regulation 3% Debugging
GDPR, EU Al Act Find model errors

The EU Al Act (2024) requires explanations for high-risk Al systems in healthcare, finance, and
justice.
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The Black Box Problem

The Research Gap: Performance vs. Understanding

I~ What Researchers Focus On

g Performance Metrics ‘

Accuracy, Precision, Recall, F1, AUC

® B2 Model Optimization W

Hyperparameter tuning, Cross-validation

N

| Q © Which features contributed most?

Q © Why did the model predict this class?

4

Avoid overfitting & underfitting

85" Architecture Design
Layers, neurons, ensemble methods

Q @ How does each feature affect output?

@ High accuracy is NOT enough! We need to understand WHY and HOW models make decisions.
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The Black Box Problem

When Black Boxes Go Wrong — Real Examples

®® Healthcare

An Al system used by hospitals was found to system-
atically underestimate health risks for Black patients —
affecting millions.

Source: Science, 2019

Credit scoring Al denied loans to qualified applicants
based on zip code correlations with race.

Source: The Markup, 2021

2 Criminal Justice

COMPAS recidivism tool was shown to be biased
against minorities — with no way to audit why.

Source: ProPublica, 2016

&= Hiring
Amazon’s Al recruiting tool penalized women’s re-
sumes — learning bias from historical data.

Source: Reuters, 2018

© without explanations, we cannot detect, debug, or fix these problems!
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@ PART 3: WHAT IS XAI?

Key Points

@ XAl = Methods that make Al decisions understandable to
humans

& Two types: Global (overall behavior) and Local (single pre-
diction)

& Key methods: SHAP, LIME, Attention, Grad-CAM, ...




What is XAI?

Explainable Al (XAl) — The Solution

PREDICTION

0 A High Risk
* Confidence: 87%
<

EXPLAINABLE
Al

[
-
Input
Patient
data
Smoking: +35%
Blood pressure: +28%
Age: +24%

XAl = Al that can explain its reasoning in a way humans can understand, verify, and
trust.
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What is XAI?

XAl Analogy — Think Like a Doctor

Bad DQoctor

“You need surgery.”

No explanation given.

X Would you trust this?

Good Poctor

“You need surgery because
your scan shows X,
your blood test shows Y.

v Informed decision!

XAl transforms Al from a “bad doctor” into a “good doctor” — providing reasons alongside

decisions.
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What is XAI?

Two Types of Explanations

LOBAL Explanation

Ll Q

“What matters most overall?” “Why THIS specific decision?”

Which features are most important?
QQH Id o p” . Why was this customer approved/denied?
ow does each feature generally affect - ’
predictions?g ¥ What pushed the decision for/against?

; isive?
@ Are there patterns across all customers? Which factors were decisive’

Like understanding a doctor’s general approach Like asking “why did you prescribe ME this?”
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What is XAI?

Local vs Global XAl: Understanding the Difference

Local XAl 120
Individual Predictions 1001 |
80 - b
S 60 b
©
(=}
Single Client 40 Local method 2
Why one specific customer might subscribe to 201 )
term deposit? ol il
e Contract type: +0.3 | | | | | L
e Monthly charges: +0.2 0 2 4 6 8 10
e Tenure: -0.1 Time
e Internet service: +0.15

Use Case: Personalized marketing approach
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What is XAI?

Local vs Global XAl: Understanding the Difference

Global XAl 120

Overall Model Behavior

100 - f

ALL 80 - -

S 60 Global method N
All Customers ©
o

40 - 7

What features matter most across all

predictions? 20
. Contract type (0.25)

. Tenure (0.18) 0
. Monthly charges (0.15)

. Internet service (0.12) 0 2 4 6 8 10

N

Use Case: Business strategy planning
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What is XAI?

XAI Methods — The Toolbox

LIME

Local Interpretable \ / SHapley Additive
Model-agnostic Explanations exPlanations
NATIVE ELI5
Built-in Permutation
Feature Importance Importance
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What is XAI?

Explainable Al Methods

LIME

Local Interpretable \% LWI SHapley Additive

Model-agnostic Explanations exPlanations

Waiﬂ %\

NATIVE ELI5

Built-in Permutation
Feature Importance Importance
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What is XAI?

XAI Methods — The Toolbox

Model-Specific

Q€ SHAP @ Attention Maps

Where the model
“looks”

M Grad-CAM
Visual explanations
% Decision Trees I~ Linear Models

for images
Inherently Interpretable

7
feature importance

=
XAl
Methods

@ LIME

Local surrogate
models
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What is XAI?

Where Does XAl Fit? — Post-Hoc Explanation

Phase 1 Phase 2 Phase 3

&
o ©
Training Prediction XAl / SHAP

smmmmgee==m==a=AFTER

Traditional ML Pipeline

SHAP and most XAl techniques are applied after the model is trained and predictions
are made.

They explain existing predictions — they don’t change how the model works.
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What is XAI?

Implementation Workflows: EBM vs SHAP

& EBM Workflow

(& P e P

@ Built-in Interpretability — No extra step needed!

 Single Step

Prediction +
Explanation

— =
= .
Data Train Any Apply Get
Model SHAP Explanation
@ EBM: Faster, simpler, but limited to specific models | Flexible, powerful, works with CatBoost, XGBoost, Neural Networks...

EBM = Explainable Boosting Machine
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SHAP - Explained Simply

Imagine a team of players scoring a goal. SHAP answers: “How much did each player
contribute to winning?”

Base Value +20% -5% Final: 75%
Average = 50% Duration: Long — Subscribe!

-> Green = pushes toward YES -> Red = pushes toward NO

[ f(x) = Base Value + ¢puration + PHousing + Page + ... (Each ¢ is a SHAP value) ]
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SHAP - Explained Simply

Each feature is a “player” contributing to the prediction outcome.

Additive Property Shapley Value

d
f(x) = do+ > i s= 3 |S“(|F|;_‘IS"1)!A,(S)
= SCF\(i} d

where ¢ = E[f(X)]

+Duration
+Housing

/M Positive b Negative

-Age
-Contact 9
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What is XAI?

SHAP vs. LIME - Quick Comparison

( )
A
¢ @
LIME
+/ Mathematically grounded + Fast & intuitive
+ Global + Local explanations + Works with any model
+ Consistent & fair + Easy to implement
+ Rich visualizations + Good for quick checks
% Can be slower X Local only
X Computationally expensive % Can be unstable
\_ ,
[ In practice, SHAP is often preferred for thorough analysis; LIME for quick prototyping. ]
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L PART 4: XAl IN PRACTICE - A CASE STUDY

Key Points

® Real example: Predicting bank term deposit subscriptions

® CatBoost + SHAP: Accuracy meets transparency

® 7 SHAP visualization types for full understanding




XAl in Practice

Why XAI? The Black Box Problem in Banking ML

( Input \

Bank Customer:

BLACK BOX!
Output
Machine Learning

Model Prediction:

e Age & Job
e Housing loan
e Call duration CatBoost SU BSCRIB =

o Contact type SVM Probability: 0.91

~ e Campaign history ‘ Neural Networks

We get accurate predictions but NO under-
standing of WHY the customer will subscribe

Trust A Compliance
Build banker - - A Meet financial
o XAl Solution: Opening the Black Box .
confidence regulations
XAl methods provide explanations that reveal:
o Which features influenced the subscription decision most Optimization
Enable focused e How each feature contributed to the final prediction Improve model
marketing e Why this customer is likely to subscribe to term deposit performance
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XAl in Practice

Case Study: Bank Marketing Prediction

£ Bank Dataset &2 Preprocessing Split ~——5>| = CatBoost @ SHAP

20%

¥ Evaluation

45,211 customers CatBoost classifier Full SHAP analysis
Portuguese bank Gradient boosting 7 visualization types
Marketing campaign Handles categories Global + Local
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XAl in Practice

Model Performance — Strong Foundation

Model Accuracy Precision F1-Score AUC
CatBoost  0.8646 0.8517 0.8670  0.9326

F1-Score 86.7%

[ Strong model performance = reliable foundation for meaningful SHAP explanations. ]
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XAl in Practice

SHAP Analysis — 7 Views

[ 7 complementary views to understand predictions at global and levels ]

& GLOBAL Explanations

Ll Beeswarm — Feature importance + distribution = Waterfall — Step-by-step breakdown
< Bar Plot — Ranked mean |SHAP| +* Force Plot — Push/pull forces
28 Heatmap - Patterns across instances oS Decision — Cumulative path

hw = i i L .
= Dependence — Feature interactions @ Explain individual customer decisions
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é& GLOBAL EXPLANATION

How does the model behave overall?

Beeswarm e Bar Plot ¢ Dependence e Heatmap




XAl in Practice

Global: Beeswarm Plot

% Key Observations
duration s+ <ttt -

contact_unknown e ‘. i
A » Duration has largest
- '.ﬁ impact
e =) » Contact method is critical
moral mared 1o

— » Housing status matters

campaign 4
month_apr [ E
marital_single oo
day tod— K
age f—

- F @ High = Red
- @® Low = Blue

month_feb b — -

K 1 3
SHAP value (impact on model output)
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XAl in Practice

Global: Feature Importance (Bar Plot)

duration

Feature importance (mean absolute SHAP values) * TOP 3 Featu res
contact_unknown

- 1. Duration (=~1.25)

o
month_jun
ot g 2. contact_unknown (=0.5)
marital_married
month_mar . ~
orboay 3. housing (=0.4)
marital_single
day

month_oct
e
ot @ Insight

contact_telephone

Feature

month_sep K K
mmi’:t‘h“jzz Duration dominates all other
education . . .

P et features in predictive
marital dvoresq importance.

pdays
poutcome_unknown
0.0 02 0.4

0.6 0.8 1.0 12
Mean |SHAP value|
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XAl in Practice

Global: Dependence Plot — Duration

I~ Observation

’ LR -1.00 Strong positive correlation
| T s between duration and SHAP
PR . value.
- '._..f L 0.50
L 1 e
ER * Lo2s &
:E, fi 3 @ Business Insight
§ © 0.00 <
2 " | o Longer calls = Higher
™ g . subscription probability
‘? - —0.50
2y d
- —0.75
15 0 o5 00 o5 10 15 2o s [ Color shows housing interaction ]
duration effect.
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XAl in Practice

Global: Heat

, 28 What It Shows
x) W SHAP values across 500
ion 1 LI - I I 1 i
contact_udﬂukrr?g\zz-l Il nt s : |nstances

sing 4
contact_cellular 4
month_jul 1

Red = positive impact
Blue = negative impact

marital_married
ménth_mar 4 | |
campaign 1
month_apr 1
marital_single 4
ay 1

age
month_oct 4 | |
balance 4 |

SHAP value (impact on model output)

loan 4

@ Pattern

193 Duration shows consistent strong
influence across all customers.

month_feb
month_hov { | | I !
0 100 200 300 400

Instances
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& LOCAL EXPLANATION

Why this prediction for one customer?

Waterfall e Force Plot e Decision Plot




XAl in Practice

Local: Waterfall Plot — Single Prediction

1 Interpretation

For this customer:
» Duration: -1.26 (negative)
» Housing: +0.37 (positive)
» Contact: +0.34 (positive)

¥ Final Prediction

f(x) = -1.259
Short call duration strongly decreased
subscription probability.
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XAl in Practice

Local: Force Plot

higher = lower
flx ase value
Lo -1 o 1 2 3

n = = -3 -2
) ) ) ((CCC(((
contact_Eellular = 0.6883359799266688_(nknown = -0.5888703637505308inG = -0.8470271554636992 | duration = -0.9050460023636% -1.644831 756D, o ~ob 744557643323289

€ Pushes Lower -> Pushes Higher

Features in red push prediction toward Features in blue push prediction away from
subscription (YES) subscription (NO)

Dr. El Arbi Abdellaoui ALAOUI (UMI) Explainable Al: Opening the Black Box 38/47



XAl in Practice

Local: Decision Plot

S Cumulative Impact

Each line = one customer’s prediction
path through features.

duration
contact_unknown
housing

contact_cellular

month_aug
month_jul

th. - -
mone.me % Key Finding

marital_married

Duration causes the largest initial
spread in decision paths.

Pink — YES
Blue — NO

month_oct
month_jun
month_apr

marital_single

age
balance
loan

day

month_mar
month_feb

month_nov

Model output value
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XAl in Practice

XAl Applications Across Domains

*

Healthcare
Explain diagnoses

Drug interaction alerts
Radiology heatmaps

o

Credit scoring reasons
Fraud detection alerts
Risk factor analysis

( =

Autonomous Vehicles

Why the car braked
Object detection logic
Safety verification

~

Y4

(™
Manufacturing

Defect root cause
Predictive maintenance
Quality assurance

L))
NLP & ChatBots

Why this translation
Sentiment reasoning
Source attribution

N

‘1
Agriculture

Crop disease diagnosis
Yield prediction factors

Irrigation recommendations

%
S

El Arbi Abdellaoui ALAOUI (UMI)

Explainable Al: Opening the Black Box

40/47



M PART 5: CONCLUSION & FUTURE DIRECTIONS

Key Points

& XAl bridges the gap between accuracy and understanding

® Open challenges: scalability, evaluation, user trust

® The future: XAl as a standard requirement for all Al sys-
tems




Conclusion & Future
Key Takeaways

P Al without explanation is not trustworthy. Trust requires transparency.

P XAl methods like SHAP make black boxes transparent. Grounded in math.

Global + Local explanations give the full picture. Both matter.

P Regulation is coming — XAl is not optional. Eu Al Act, GDPR.

P XAl benefits everyone: developers, users, and society. Better Al for all.
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Conclusion & Future

Open Challenges in XAl

Scalability
SHAP can be slow for very large models (billions of
parameters).

How do we measure if an explanation is actually
“good”?

&2 User Studies

Do non-experts actually understand these explana-
tions?

Dr. El Arbi Abdellaoui ALAOUI (UMI)

Adversarial Attacks
Can explanations be manipulated to hide bias?

BE Multimodal XAl

Explaining Al that processes text, images, and audio
together.

-

&

@ LLM Explainability

How to explain ChatGPT-like models with billions of
parameters?

Explainable Al: Opening the Black Box
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Conclusion & Future
The Future of XAl

D
Past Now

Black-box models SHAP, LIME
“Trust me” EU Al Act
No regulation Growing awareness

‘f

Future

XAl by default
Real-time explanations
Human-Al collaboration

The goal is not just Al that works — but Al that works and explains itself.
Explainability should be a feature, not an afterthought.
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Conclusion & Future

My Research Contributions in XAl

“Evolving Explainable Neural Architectures: Dynamic Behavioral-Novelty
Weighting in Multi-Objective Neuroevolution for Multimodal Spam Detection”

Information Sciences (Elsevier) — Make XAl more faster for different Applications
IEEE Access — Predicting Student Performance Using SHAP Explanations
Taylor & Francis — Explainable Web Attack Detection for Industrial loT

Springer — SHAP for Parking Occupancy & Fake Account Detection

@ KAI Application Domains:

XAl Papers

= = ~ J

Security Education Smart Cities Social Media Spam Detection
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A Final Thought

( )

“If you can'’t explain it simply,
you don’t understand it well enough.”

— Often attributed to Albert Einstein

The same applies to Al. If Al can’t explain its decisions,
we shouldn’t blindly trust them.
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